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Abstract 

Computer-aided prediction of aptamer sequences has been focused on primary sequence alignment and 

motif comparison. We observed that many aptamers have a conserved hairpin, yet the sequence of the 

hairpin can be highly variable. Taking such a secondary structure information into consideration, a new 

algorithm combining conserved primary sequences and secondary structures is developed, that combines 

three scores based on sequence abundance, stability, and structure, respectively. This algorithm was used 

in the prediction of aptamers from caffeine and theophylline selections. In the late rounds of the selection, 

when the library was converged, the predicted sequences matched well with the most abundant 

sequences. When the library was far from convergence and the sequences were deemed impossible for 

traditional analysis methods, the algorithm still predicted aptamer sequences that were experimentally 

verified by isothermal titration calorimetry. This algorithm paves a new way to look for patterns in 

aptamer selection libraries and mimics the sequence evolution process. It will help shorten the aptamer 

selection time and promote the biosensor application of aptamers. 
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Introduction 



Aptamers are single-stranded nucleic acids that can selectively bind target molecules.1-3 The interest in 

aptamers has been driven by their competitive advantages to antibodies including higher stability, 

reversible denaturation, lower cost, and easier modification. The majority of DNA aptamers were 

obtained via combinatorial selection.4, 5 Typical aptamer selections involve a gradual decrease of target 

concentration over ten to twenty selection rounds. The more rounds of selection, the longer it takes and 

the more likely to make mistakes. Thus, a reliable method to extract aptamers from early rounds of 

selection is needed. 

 Computer-aided prediction of the secondary structure of nucleic acids and sequence alignment 

has already become common tools in aptamer research.6-8 The advent of high throughput deep sequencing 

allows the generation of overwhelming amounts of information, which provides the data for machine 

learning. One type of aptamer prediction is based on de novo design of aptamer secondary/tertiary 

structures and molecular docking. However, the success has been limited and few predicted aptamers 

were used.9-11 Another approach uses previously reported aptamers as a training set to predict new 

aptamers.12 Since many recent papers showed that not all published aptamer sequences are reliable,13-17 

the quality of the input data need to be carefully ensured.  

 A third type of algorithm analyzed aptamer selection libraries.18 The most common algorithms 

relied on clustering of primary sequences, and the most abundant sequence families are picked as aptamer 

candidates. However, aptamer enrichment happens only in the later rounds of selections, and other 

reasons such as PCR bias can also lead to preferentially amplified sequences that are not necessarily 

aptamers.19 In addition, motif finding algorithms have been developed,9, 18, 20 which rely on predicted 

secondary structures and divide the structures into multiple subunits. A motif is defined based on the 

sequence of single-stranded regions,21 and it still looks for identical sequences. The same DNA can be 

folded into many possible secondary structures, and such methods focus too much on local structures 

that may or may not be important for target binding.  

 Finally, combined analysis of primary sequence and secondary structure has been attempted 

recently. Song et al took into consideration the secondary structure of DNA, which is a major conceptual 

advancement. The authors called their method Sequential Multidimensional Analysis algoRiThm for 

aptamer discovery (SMART-Aptamer).22 This algorithm was applied to the selection libraries for human 

embryonic stem cells, epithelial cell adhesion molecules, and cell-surface vimentin. While the secondary 

structure information was considered, calculation was mainly based on the overall free energy released 

from DNA folding. In addition, sequencing data from multiple rounds were required. An empirical study 



on our own SELEX data revealed that SMART-Aptamers’ performance is dependent on the amount and 

diversity of aptamer libraries sequenced.  

 In this work, we aimed to advance the prediction by using a structural sequence pattern 

recognition algorithm mimicking the evolution of the library and taking into account both conserved 

primary sequences and secondary structures. We call it conserved primary and secondary pattern 

searching (CPSPS), which can identify aptamers with data from only one round. Using Python as the 

coding language, CPSPS readily incorporates a few well-developed software namely: RNAfold from 

ViennaRNA and the scikit-bio package. We analyze a few of our recently selected libraries using CPSPS 

and identified a few new aptamers that were previously neglected by manual analysis. We were able to 

identify aptamers when their sequence frequency was only 0.1% of the library. 

 

Materials and Methods 

Chemicals. The DNA samples used for the selection and sensing experiments were purchased from 

Integrated DNA Technologies (Coralville, IA, USA). The sequences are listed in Table S1. The 

chemicals including caffeine and theophylline were from Sigma-Aldrich. Milli-Q water was used to 

prepare all the buffers and solutions. 

Computing methods. The detailed methods and codes are available at the following link 

https://github.com/Idsl-group/OptimalAptamerFinder. This website may be used for reproducing the 

results.   

ITC. A MicroCal VP-ITC was used. DNA (9 μM or other concentrations, 2 mL) and target molecules (1 

mM or other concentrations, 2 mL) were dissolved in buffer (500 mM NaCl, 10 mM MgCl2, 50 mM 

HEPES pH7.5) and degassed for 10 min prior to measurement. Target (300 μL) was titrated into the cell 

chamber containing 1.4 mL aptamer. Except for an initial injection of 0.5 μL, 10 μL of target was titrated 

into the cell each time over 20 sec duration for a total of 20 to 28 injections at 25C. The spacing was set 

for 360 sec between each injection. For some aptamers, the thermodynamic values were obtained by 

fitting the titration curves to a one-site binding model using the Origin software. 

 

 

Results and Discussion 



Conserved primary and secondary structures in aptamers.  

Most aptamer selection libraries have a random region of 30 to 40 nucleotides or longer.23-27 Aptamer 

binding often does not need such a long sequence, and a common strategy for a library to evolve is to 

hide the redundant nucleotides in a hairpin. The sequence of such a hairpin is not conserved, but the 

presence of such hairpins is conserved. An example is shown in Figure 1A for two aptamers that can 

bind uric acid.28 Aside from the 6-mer conserved motifs in blue, the middle part can form a hairpin (the 

stem region marked in red). In this example, the nucleotides inside the hairpin differed a lot, but the 

secondary structure was conserved (Figure 1B). We reason that both the sequences in blue and the 

hairpins are evolutionarily conserved. For primary sequence clustering methods, the sequences in 

hairpins would not contribute to scoring, but our CPSPS algorithm counts it as a positive score. Such 

hairpins are more targeted than the analysis of global secondary structures as well. 

 

 

 

 

Figure 1. (A) The aligned primary sequences from the random region of two aptamers named UA1 and 

UA4, respectively. The conserved sequences are in blue. (B) The folded secondary structures, where the 

conserved hairpins structures are highlighted. 

 

The CPSPS algorithm.  

To reflect our idea of identifying conserved primary sequences and hairpins in a list of DNA sequences 

in a library, our approach works as follows. 



1) Library processing. Calculate the number of occurrences of each sequence and remove all duplicate 

sequences from the library. Then, calculate the minimum free energy (MFE) structure and free energy 

(dG) of each sequence using the RNAfold tool from the ViennaRNA package.  

2) Clustering. We generate 10 clusters by iterating the following procedure. We found empirically that 

10 clusters were sufficient to incorporate a major portion of the sequences and it is also a size still 

amenable to experimental testing. i) A list of all the sequences in the library are generated. ii) The most 

common sequence in the list is added to a new cluster. iii) All remaining sequences in the list are aligned 

with respect to the leading sequence in the new cluster using the Striped Smith-Waterman alignment 

algorithm. iv) All sequences with an alignment score above 0.8 (1 is for identical sequences, 0 is for 

sequences that have nothing in common) is added to the new cluster and they are removed from the list. 

3) Collection of structural and motif information for every sequence. For every sequence, we 

generate a list of all the 6-mers and hairpin structures present in it (6-mer is a widely used length for 

predicting aptamer sequences).22 While doing this, we keep track of the total number of occurrences of 

each 6-mer and hairpin level on a round level (kmer_counts, stem_counts, loop_counts) and a cluster 

level (cluster_kmer_counts, cluster_stem_counts, cluster_loop_counts). To increase efficiency, we 

remove all motifs with frequencies below the 50th percentile frequency value since they do not contribute 

significantly to scores due to their low values.  

4) Cluster combination. For every cluster and for every kind of motif (6-mer, hairpin stem, hairpin loop) 

we select their top 10 most common motifs. Then for every possible cluster pair, we compare their top 

motifs by initializing a similarity score to 0 and then adding -1 for every common motif and adding +1 

for every non-common motif. Then the similarity scores for each motif kind for each cluster pair are 

added and if the score is 0 or less, the clusters are combined into a single cluster. 

5) Score calculation. For every sequence, the following scores are calculated. i) Popularity score: 

average of the normalized cluster size (as a%) and the normalized frequency of the sequence relative to 

the most common sequence in the round (as a%). ii) Stability score: The absolute value of the free energy 

(dG) multiplied by 10 (with a maximum value of 100). iii) Structural score: average of cluster and round 

kmer score and hairpin score. These scores are calculated by normalizing the kmer and hairpin counts 

(with respect to the most common kmer and hairpins) and averaging over the kmers and hairpins that 

appear in each aptamer. These three scores are then combined to produce a final score for each aptamer. 

 

 



An example.  

To better illustrate our CPSPS scoring system, we give the following example with sequences from the 

round 16 of uric acid selection. For Step 1, library processing, out of the entire 55985 sequences obtained, 

eight are shown in Figure 2A (the table on the left). The table in the middle shows information about 3 

sequences out of the 8633 unique sequences found in the processed library. The counts of each sequence 

are the number of times it appeared in the sequenced library and its structure (the stems represented by 

parenthesis as can be seen in the structure shown on the right) and dG values were calculated using 

ViennaRNA. We use the bracket notation for expressing the sequences. In this notation each character 

represents a nucleotide base. Brackets represent paired bases and dots represent unpaired ones. Each open 

bracket base pairs with a closed bracket base ahead of it (there are always the same number of open and 

closed brackets).  

 For Step 2, clustering, using the sequenced library from Step 1, the first cluster is initialized with 

seq0, which had 2392 copies. Thus, we aligned the rest of the sequences with respect to it using the 

Striped Smith-Waterman alignment algorithm.29 Then, all these clustered sequences were removed from 

the library and the rest of the sequences were aligned using this method again. In this work, we repeated 

this process until we obtained 10 clusters (Figure S1). 

 Step 3 is the collection of structural and motif information for every sequence. Figure 2B (left) 

illustrates the first four 6-mers of the first two sequences in our library as well as the hairpins and loops 

found on them. The tables on the right side of Figure 2B display each motif counts for each motif type 

for the whole round or for each cluster.  

 

 

 

 

 

 

 

  



  

Figure 2. (A) A table showing top 6-mers for top-3 cluster for illustration purposes. (B) Cluster merging 

based on our scoring mechanism as described in (C). (C) Clustering k-mer alignment score between two 

clusters. 

 

 

 For Step 4, cluster combination, clusters 1 and 3 have several kmers in common so they can be 

combined into a single cluster, while cluster 2 remains as an independent cluster (Figure 2C). The table 

on the far right of Figure 2C shows the cluster pairs scores based on the top six kmers of the first three 

clusters shown on the left. Finally, for Step 5, score calculation, Figure 3 shows how the final score was 

calculated for the first sequence of this round. We can now select the highest-scoring aptamers and test 

them experimentally. 

 



 

 

Figure 3. The evaluation of the final score for a single aptamer is evaluated using the popularity score, 

stability score, and the structure score. 

 

 

 

Using this algorithm, we analyzed two of our previous aptamer selection results.30, 31 Figure 4 lists the 

score distributions of the top 1000 highest scoring aptamers for each sequenced round for each target 

molecule. For the caffeine selection, the majority of the sequences have a score close to zero for the 

round 12 and 15 libraries, yet the score shifts to above 20 for the round 20 library. For the theophylline 

selection, a similar trend was observed, and high score sequences dominate only since around 18. For 

these two selections, the score distribution shifts towards highest scores at later rounds, suggesting 

successful selections. Nevertheless, a small fraction of high score sequences are still present for caffeine 

round 12 and theophylline round 10. When the library is still so diverse, it is difficult to perform rational 

manual analysis, but our algorithm has given high score to a few sequences. In the following sections, 

we analyzed individual selections and experimentally tested some predicted sequences.  

 

 

 

 

 

 



A: Caffeine                                                                                                                     

 

 

B: Theophylline 

 

 

 

Figure 4. Histograms of sequence score distribution in caffeine and theophylline selections. (A) Round 

12, 15 and 20 of caffeine selection libraries. (B) Round 6, 10, 12, 15, 16, 18, 20 and 22 of theophylline 

selection libraries. 

 

Prediction of caffeine aptamers 

The round 20 library of the caffeine selection contained at least five major families along with numerous 

orphan sequences in the top 70 most abundant sequences.31 The most abundant family of round 20 

contained over 16.59% of the sequenced library, and the other major families (with 5.48%, 3.83%, 

2.76% …) also contained a few percent, and thus identification of the binding sequences was quite easy 

by testing the most abundant sequence in each family. Based on our previous results, all the tested 

sequences showed binding to caffeine.31 When we applied our CPSPS algorithm to the round 20 library, 

eight out of the ten predicted sequences were in the top 10 most abundant sequences in the library (Figure 

S2), suggesting that the popularity scores might have dominated.  



 We then challenged our algorithm to the round 15 library, which was still far from converging, 

since even the most abundant sequence (52 copies) was below 0.1% of the entire library. The top ten 

predicted sequences are shown in Figure 5A (Seq0 means the highest score and Seq1 has the next score). 

Interestingly, two of the 10 predicted sequences were in the top 10 sequences in round 20. We then 

analyzed each of these top 10 predicted sequences in round 15. Seq0, Seq6, and Seq7 have the GGGGGA 

and GGAGGA conserved sequences and thus they belong to the same type. The fact that they switched 

sides in some sequences (see the sequence alignment in Figure 5B) indicated that these are likely to be 

real aptamers.28, 32 Since they were not present in the top 70 sequences in round 20, we did not test them 

in our previous studies. Seq8 is the same as the 9th most abundant sequence in round 20, and its binding 

to caffeine was previously confirmed. Seq2 and Seq9 are similar to the top 36th and 40th sequences in 

round 20. Seq3 and Seq4 are not in the top 70 sequences of round 20 and thus they were not studied 

before. 

 

Figure 5. (A) Sequence alignment of the top 10 predicted sequences from the round 15 caffeine selection 

library. Seq0 means the highest prediction score by CPSPS, and 20-01 means round 20 the most abundant 

sequence. ~20-36, 20-40 means similar to the 36th and 40th most abundant sequences in round 20. (B) 

Evolution of the top 10 predicted round 15 sequences in different rounds. 

 

 

 For these 10 sequences predicted in round 15, we plotted their copy number in round 12 and 

round 20 (Figure 5B). Among them, Seq1 and Seq8 increased exponentially across these rounds, which 

fits the concept of exponential aptamer enrichment. Seq0 and Seq3 dropped to a single copy in round 15 

and completely disappeared in round 20, yet they both had high scores in round 15. Thus, our CPSPS 

algorithm can pick up single-copy aptamer sequences in a library containing >50000 sequences.  

 We also tried our algorithm in the round 12 library, where the most abundant predicted sequence 

had less than 10 copies (Figure S3). Among the top 10 predicted, the sequences containing GGGGGA 



and GGAGGA represent seven of them. For the rest three, they were the same as Seq3 and Seq4 in round 

15. Yet, none of the top sequences in round 20 were predicted. For the most abundant aptamer sequence 

in round 20, which appeared 2985 times, it appeared 52 times in round 15 and only once in round 12. In 

the earlier rounds, the dominating predicted sequences completely disappeared in the round 20 

predictions.  

 Based on the above discussion, we tested seq0, 2, 3, 4, 5, and 8 from round 15 for binding to 

caffeine using isothermal titration calorimetry (ITC, Figure 6). Their predicted secondary structures are 

also shown. All of these aptamers could bind caffeine with Kd values ranged from ~10 µM to 140 µM.  

 Overall, the prediction was successful and reliable, since all the predicted sequences worked. 

Since our method uses data from a single round and does not rely on exploring the evolution of kmers 

across rounds, we can still maintain good performance when data from very few rounds is available. 

 

 

Figure 6. The secondary structures of some predicted aptamers for caffeine from the round 15 library: 

(A) Caff15Seq0, (B) Caff15Seq2, (C) Caff15Seq3, (D) Caff15Seq4, (E) Caff15Seq5, and (F) 

Caff15Seq8. In these structures, U needs to be replaced by T. ITC results of these caffeine aptamers: (G) 

titrating 3.5 mM caffeine into 50 µM Caff15Seq0, (H) titrating 1.5 mM caffeine into 50 µM Caff15Seq2, 

(I) titrating 1 mM caffeine into 9 µM Caff15Seq3, (J) titrating 1 mM caffeine into 9 µM Caff15Seq4, 

(K) titrating 1 mM caffeine into 9 µM Caff15Seq5, and (L) titrating 5 mM caffeine into 50 µM 



Caff15Seq8. 

 

Prediction of theophylline aptamers 

To further test the algorithm, we also analyzed the theophylline selection.30 When we did the theophylline 

selection, we initially stopped at round 15. However, the round 15 library was still very diverse, and we 

had to perform additional seven rounds of selections with gradually decreased theophylline 

concentrations. The round 22 library was highly converged, and its top 20 sequences represented 58% of 

the library. These top 20 sequences can be assigned into two families, which actually bind theophylline 

in the same way (just flipping the orientation). 

 Thus, the round 15 library was a good starting point for the analysis, in which the most abundant 

sequence was only 0.03% of the entire library. Among the top 10 predicted sequences (Figure 7A), seq0 

and seq7 belong to the dominating families in round 22, although they contained only 20 and 9 copies 

(out of over 60,000 sequences), respectively. Thus, this is another example of predicting the right 

sequences when the library was far from convergence. Interestingly, these two particular sequences 

increased exponentially until round 18, after which they dropped significantly. Nevertheless, their family 

became dominating in round 22.  

 

Figure 7. (A) Sequence alignment of the top 10 predicted sequences from the round 15 theophylline 

selection library. (B) Evolution of the top 10 predicted round 15 sequences in different rounds. 

 

 We tested the Theo15Seq0 (the highest score aptamer in round 15 Seq0, see Figure 8A for 

secondary structure) using ITC (Figure 8E). While it showed binding, the Kd value was 43.9 µM, 42-fold 

higher than Theo2203 (Figure 8B, 8E, the third most abundant sequence in round 22). It is understandable 

that the Theo15Seq0 dropped to 20 copies in round 22 since it has a low binding affinity. Although these 

two sequences have the same conserved regions and a hairpin connecting these regions, their differences 

outside these regions can also significantly influence binding affinity. Since the conserved regions are 



the same, we can consider Theo15Seq0 and Theo2203 are evolutionarily related. 

 The remaining eight of the predicted round 15 sequences are also very interesting, and they all 

belong to one family with conserved GAAAAG and GAAAAG. Using ViennaRNA33 to predict their 

secondary structures shows that these two conserved motifs are distributed on either side of a hairpin, 

and the hairpin sequences are highly variable. We measured the ITC of round 15 Seq6 (Figure 8C, Figure 

8F). Indeed, binding was measured with a Kd of 22.7 µM. This is a new aptamer motif for theophylline 

that was not researched previously, which was fully disappeared in round 22. 

  In round 10, the top 10 predicted sequences had one of the GAAAAG regions replaced by 

GGAGGA. We tested Theo10Seq3 (Figure 8D, 8H), and a Kd of 96 µM was obtained. Given their purine-

rich sequences (see the regions in the circle in Figure 8C and 8D), they might bind theophylline in the 

same way. One of such purine-rich sequences was even predicted in round 6, when the library was 

extremely diverse (Figure S4). Such sequences however were nearly fully eliminated in the later rounds 

when the theophylline concentration was dropped from 1 mM (round 15) to 0.05 mM (round 22) (Figure 

7B). Therefore, the GAAAAG containing sequences are low-affinity aptamers for theophylline.  

 

 

 

Figure 8. ITC traces and the secondary structures of (A) Seq6 of round 15, (B) Theo2203, the third most 

abundant sequence in round 22 theophylline selection, (C) Seq3 of round 10, and (D) Seq0 of round 15. 

In these structures, U needs to be replaced by T. In (A) and (B), the red and blue lines highlight the 



identical sequences and the green lines show the hairpin structures. ITC traces of (E) titrating 1 mM 

theophylline into 50 µM Theo15Seq0, (F) titrating 1 mM theophylline into 9 µM Theo2203, (G) titrating 

5 mM theophylline into 100 µM Theo15Seq5, and (H) titrating 3.5 mM theophylline into 50 µM 

Theo10Seq3.   

 

 

Discussion 

Using our CPSPS algorithm, we predicted aptamers that were previously ignored. In addition, by 

identifying conserved the primary sequence and secondary structures, our algorithm was able to predict 

aptamers from early rounds of selections. Based on our observations in this work, the following points 

are discussed. 

1. Our CPSPS algorithm works independently on each round of sequencing results. It is based on the 

intrinsic combined primary and secondary structure patterns expected for aptamers in the libraries. This 

feature sets our algorithm apart from most previous methods that either rely on sequence evolution in 

different rounds or based solely on primary sequence alignment. 

2. For a typical selection experiment, early rounds of selections are often done with a high concentration 

of target analytes. Thus, the enriched aptamers may contain both high affinity and low-affinity ones. 

CPSPS would not know if an aptamer is high or low affinity based on a single round of data. When a 

few rounds of results are compared, then high and low-affinity aptamers are more obvious. Those 

dropped in population in the later rounds are likely to be low-affinity aptamers. Therefore, it is important 

to experimentally push for high-affinity aptamers by using a few rounds of low analyte concentration 

selection. The overall number of rounds may not need to be high since the algorithm can help identify 

sequences.   

3. From the caffeine and theophylline example, the sequences predicted in the early rounds (low affinity 

sequences) may not have evolutionary relationship to the ones in the later rounds (high affinity 

sequences). Thus, an implication is that it is possible to use a low target concentration to begin with. 

4. For any algorithm to work, the selection needs to enrich actual aptamers. If the design of the selection 

experiment cannot achieve this goal, no algorithm would work. Thus, it is important to have well-

executed aptamer selection experiments.  

 

Conclusions 



In summary, we developed a new algorithm to recognize the pattern of evolved aptamers based on both 

6-mer primary sequence motifs and hairpin secondary structures. While such hairpins are often 

considered as random sequences by primary sequence clustering, they have extra scores in our algorithm 

since they also reflect the evolution of the libraries. We applied this algorithm to two separate SELEX 

experiments with a total of eight sequenced libraries. They contain both highly converged and highly 

diverse libraries. In each case, the algorithm was able to predict aptamer sequences that were verified by 

experiments. This algorithm can be applicable to other aptamer selection experiments and can be highly 

valuable when the library is still quite diverse. Such predicted aptamers can be of great interest in 

designing analytical biosensors. 
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