
1.  Introduction 
The field of DNA computing offers many advantages for the 

manipulation of DNA to be applied to the field of machine learning 
or artificial intelligence. DNA (deoxyribonucleic acid) consists of a 
sugar-phosphate backbone with a chain of nucleotides and acts as a 
very compact information storing medium. In 1 μm of DNA 1026 
reactions take place, which gives rise to massively parallel searches 
almost instantaneously. This and the self-assembly property has 
been exploited by growing fields such as DNA origami and DNA 
nanotechnology [1]. Furthermore with the specificity in molecular 
recognition and ability to sequence specific DNA oligomers there is 
ongoing work on the creation of programmable and autonomous 
computing machines [2, 3], for problem solving [4] and applications 
of these in cells and animal models have also been possible to the 
biologically compatible nature of DNA [5].  

This study introduces an improved design of implementing 
molecular machine learning using enzymatic manipulation of DNA 
for the classification of hand-written digits. The machine learning 
model used here is the Hypernetwork which is a graphical model 
containing nodes representing the pixels of images and Hyperedges 
which are the connections between these nodes. It is these 
connections, which are strengthened or weakened during the 
learning process [6]. In this study, this gives rise to a specialized 
Hypernetwork with the knowledge of the best connections for the 
representing digit.  

Previous attempts to implement the hypernetwork using DNA in 
wet laboratory experiments failed to address many factors making 
it practically unrealistic [7]. First, the time and load to perform each 
iteration of the learning step, as well as the overall time for the full 
number of iterations of learning required to produced results was 
inefficient. This also linked with the cost of DNA sequences, which 
needed to be ordered to cover the full set of training and test data 
sets. Second, it lacked robustness in that fixed-order of hyperedges 
were used and finally only a 2-class digit classification was possible. 
To address these issues an improved experimental design has been 
developed to produce a experimentally practical and theoretically 
sound approach, using a new design of DNA sequences, batch 
learning, enzymatic manipulation of DNA for a simplified 
experimental steps and free-order hyperdges which ultimately 
produced a design capable of classifying 10-class digits in the same 
number of experimental steps.  

S1 nuclease and T7 endonuclease I are enzymes which cleave 
DNA with specificity. S1 nuclease cleaves perfectly matched double-
strand DNA at high concentrations and single-stranded DNA at low 
concentrations [8]. T7 endonuclease cleaves double-stranded 
regions with mismatching regions, i.e. at the protruding single-
stranded regions [9]. With the use of these enzymes the selection 
and amplification steps in the experimental scheme was to a simpler 
protocol. However the conditions in which these nucleases function 
for their full specificity and control is largely unknown.  
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Abstract 

 Implementation of machine learning through the manipulation of DNA sequences is an advancing field in DNA 
Computing. Here, we propose a novel experimental scheme to demonstrate evolutionary molecular learning 
through the Hypernetwork to classify hand-written digits using enzymatic manipulation of DNA. This algorithm 
contains many operations, such as selection, amplification, elimination, which must be organized and designed for 
a realistic experimental approach. However, previous attempts to implement the Hypernetwork using DNA failed to 
address the time and experimental load required as well as costs to order enough DNA sequences to cover large 
data sets. It also lacked robustness in that the order of Hyperedges was fixed to 3 and the issue of scalability was 
not addressed they were only designed to classify 2-class digits. With the use of DNA cleaving enzymes, such as S1 
nuclease we devise a method of reducing the total number of steps required to perform each operation and to allow 
10-class digit classification in the same number of steps. With this theoretically sound but experimentally concise 
process, an improved method of employing the Hypernetwork is presented. This study introduces this experimental 
model and validates the additional step of enzymatic manipulation of DNA. With this a new avenue for exploiting 
the many benefits of DNA computing for the development of programmable and autonomous systems which 
function in biological organisms may be discovered. 
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This paper describes the improved model in detail and presents 
the experiments using nucleases to manipulate DNA in a more 
efficient manner for a more plausible molecular learning process in 
vitro. Experimental results on the attempts to find the appropriate 
experimental conditions for the nuclease are explored. With the 
remaining steps verified in previous studies [10], and with the 
validation of the step using nucleases, the full implantation of 
molecular learning in vitro may be approachable through this 
improved design. 
 
2.  Method  

Figure 1 illustrates the conceptual overview of hand-written digit 
classification using the Hypernetwork with the input being 
specifically sequenced single-stranded DNA strands representing 
each pixel in a 7 by 7 dimensionally reduced MNIST images. 
Sequences are uniquely encoded to represent each pixel using the 
exhaustive DNA sequence design algorithm (EGNAS) [11]. These 
sequences are ligated to form the hyperedges which are the features 
of the images that are learned during the learning process. 
Molecular learning takes places largely through selection, 
elimination, test, feedback and update steps. 

The DNA sequences are designed so that there are a total of 98 
variables, 49 for white and 49 for black in each pixel position. Each 

variable has two identical tag regions so that variables can join to 
any other, on either side in the presence of ligase. This allows the 
production of random free-order Hyperedges with controlled 
temperature and annealing time. Furthermore, adding specific 
proportions of either DNA sequences representing black or white 
can represent any image. As a result, batch learning can be 
implemented, with the same number of available DNA sequences, by 
adding different proportions of DNA according to the averaged grey 
scale data, for example an averaged image of 200 images for the 
training data. This allows the overall reduction in the total number 
of iterations needed for learning the DNA as a much larger number 
of data can be learned in one iteration.  
S1 nuclease and T7 endonuclease I are added in different 
concentrations to find the conditions in which they specifically 
cleave their relative targets. T7 endonuclease I to cleave mismatched 
doubled-stranded DNA during the selection step and S1 nuclease to 
cleave perfectly matched double-stranded DNA but not the single-
single stranded during the elimination step. 
Other experimental steps were verified in previous studies [10]. 
 
3.  Results and Discussion 

Figure 2 illustrates the overall experimental steps in the new 
design for implementing evolutionary molecular learning for 
classifying between hand-written digits 6 and 7. It is largely divided 
into the four stages, first the addition and selection stage (Figure 2. 
a) begins with addition of training data for digits 6 and 7 to a random 
single-stranded DNA library. Hybridization results in the formation 
of double-stranded DNA strands which are perfectly matched or 
have mismatches. The imperfect matches represent the sequences 
in the random library (Pre-Hypernetwork) which are not in either 
training data sets for 6 and 7. This can be interpreted as sequences 
or features in images which do not distinguish between the 2-class 
digits. These imperfectly matched DNA sequences are cleaved out of 
the mixture using T7 endonuclease I. This is the process of selection. 
Due to the use of enzyme, a purification step is undertaken and 
separation using biotin and streptavidin to produce a single-
stranded DNA mix of the selected DNA and the final sample is 
amplified using PCR to make up for the loss in sample. Second, the 

Figure 1: Conceptual process of handwritten classification through molecular machine 
learning. 

 
 

Figure 2. Overall experimental design of implementing the Hypernetwork using DNA. a Addition of training data for 6 and 7 followed by selection of perfectly matched sequences b Addition 
of alternative training data, i.e. Training data for 7 when training for 6 c Validation test using electrophoresis gel d Feedback and update to new iteration of learning. 
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process of elimination takes place (Figure 2. b) where addition of the 
alternate training data is added to the digit trying to be learned. For 
example in Figure 2. b the Hypernetwork for 6 is being trained, thus 
the training dataset for 7 is added to eliminate these variables. Again, 
following hybridization, S1 nuclease is used to cleave all the 
perfectly matched DNA strands, followed by purification, separation 
and amplification. Now with the first Hypernetwork (HN0), a 
validation dataset is added for the classification test. After 
hybridization all the imperfectly matched DNA sequences are 
selected for using T7 endonuclease I and after purification the 
sample is loaded onto an electrophoresis gel which determines the 
intensity of perfect matched DNA sequences present (for every 
varying hyperedge lengths) (Figure 2. c). This produces a method of 
validating the results and thus determines a feedback degree to 
which in the updating stage is used to decide how long the nuclease 
is to be treated for. For example, the T7 endonuclease I would be 
treated for a shorter amount of time if the validation results came 
up with fully differentiating results between the digits 6 and 7 and 
vice versa. Figure 2. d illustrates this update process during the start 
of the next iteration of the learning process.  

It is important to note here that the issue of scalability has been 
addressed as 10-class digit classification is possible within the same 
number of steps. The only difference would be to add more groups 
of training data in the selection stage, as well as all but 1 group of 
training data sets for the elimination stage. This provides a larger 
scale of digit classification without increasing drastically the 
workload, time or need to order new sequences. In this study, we 
introduce this newfound mechanism of implementing digit 
classification and experimental results demonstrate the enzymatic 
reactions which is prerequisite to making this experimentally 
plausible. If possible, this would address the scalability issue in digit 
classification, not only in terms of molecular computing, but also in 
combination with DNA’s property of parallel computing, a new 
insight for learning models in computer science. 

It is necessary to find the appropriate experimental conditions 
for the use of both the S1 and T7 endonuclease I in the model 
described. The specificity as well as the control in amount of cleave 
which occurs is vital to the success of experimentally implementing 
this model. First the control experimental results show the correct 
band sizes of 60 bp for the perfectly matched double-stranded DNA 
sequence and sequentially rising bands (appearance of mismatched 
loops) as the number of mismatches increase. (Figure 3. a). T7 
endonuclease I, used for the selection stage successfully showed the 
cleavage of mismatched sequences whilst leaving the perfect 
matched sequences intact (Figure 3. a) verifying its specificity of 
function. S1 nuclease cleaved all strands at the 10 U per 1 mg of DNA 
ratio. This ratio was increased and decreased by 5 however similar 
results appear. A solution would be to use a further smaller amount 
of nuclease or shorten the incubation time to decrease the nuclease 
function (Figure 3. c). 
 
4.  Conclusion  

Previous attempts to implement the Hypernetwork 
experimentally were inefficient and required too much 
experimental load. Furthermore, ordering the large sets of DNA 
sequences to cover all training and test data limited the data size and 
variability. For this reason only fixed-order Hyperedges were used. 
In this study we propose an improved experimental model which 
addresses these limitations as well as the issue of scalability by 
reducing the number of experimental steps required in a structured 
manner for 10-class digit classification to be possible in the same 
number of steps.   
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