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Machine learning-aided design of synthetic biological parts and
circuits
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Abstract: Synthetic biology is an emerging interdisciplinary field at the convergence of biology,
engineering, and computer science. It employs a bottom-up approach to progressively design
biological parts, devices, and circuits, aiming to create artificial biological systems not found in
nature or to redesign existing biological systems for specific purposes. With the rapid development
of the synthetic biology industry, there is an increasing demand for large complex genetic circuits.
However, the traditional trial-and-error methods, heavily reliant on empirical knowledge, have
limited efficiency and success rates of parts/circuits construction, thereby impeding the innovation
and technology translation for synthetic biology. These limitations have prompted a paradigm shift
from labor-intensive, experience-driven trial-and-error models towards standardized, intelligent
engineering approaches. Machine learning, capable of uncovering hidden structures and
relationships within biological data, offers robust support for the intelligent design of synthetic
biological parts and genetic circuits. Here, we review commonly used machine learning algorithms
and analyze their typical applications in designing biological parts (e.g., synthetic promoters, RNA
regulatory elements, and transcription factors) and simple genetic circuits. Additionally, we discuss
the primary challenges in machine learning-aided design and propose potential solutions. Lastly, we
envision the future trend of integrating machine learning with synthetic biological system design,
highlighting the importance of interdisciplinary collaboration.

Keywords: synthetic biology; biological parts; genetic circuits; biodesign; machine learning;
deep learning
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Table 1 Classes of machine learning algorithms
Classes Tasks Common algorithms
Supervised learning Classification Logistic regression
K-nearest neighbors (K-NN)
Support vector machine (SVM)
Neural network
Random forests
Naive Bayes
Regression Linear regression
Ridge regression
Neural network
Unsupervised learning Clustering K-means

Dimensionality reduction

Generative model

Reinforcement learning

Semi-supervised learning Pseudolabeling

Consistency regularization

Active learning
examples

Transfer learning
knowledge of source tasks

Maximize long-term cumulative reward

Request labels on the most informative

Improve the learning of new tasks with the

Hierarchical clustering

DBSCAN

Principal component analysis (PCA)
Singular value decomposition (SVD)
Variational autoencoders (VAE)[?¢]
Generative adversarial networks (GAN)[?7]

Value function: value iteration,
Q-learning!?3]

Policy gradient methods[?*): REINFORCE;
actor-critic

Deep reinforcement learning(3%]
Self-training!!

Cotraining%

Virtual adversarial training (VAT)[33

Mean teacher?4]

Uncertainty sampling[33]

Representative sampling(3¢]
Density weighting(®7]
Pre-trained feature extraction®!

Model reusel?*]
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Figure 1 Mathematical framework of commonly used machine learning algorithms. A: Linear regression
schematic, where blue dots represent data points and the black line denotes the best-fit line, which aims to
minimize the sum of squared residuals of the vertical distances between all data points and the regression
line. B: Logistic regression schematic, where green and red data dots represent data points from two different
classes. The S-shaped curve represents the logistic function, which outputs a probability value between 0 and
1, indicating the likelihood of a given data point belongs to a particular class. C: Support vector machine
schematic, which aims to find a separating hyperplane (line) that best divides the data into different classes.
D: Random forest schematic, where the dataset is divided into N decision trees, each growing and evaluating
independently, and the results of all decision trees are consolidated using majority voting. E: K-nearest
neighbors schematic, which classifies a data point based on the majority class labels of the k nearest

neighbors. F: Artificial neural network schematic, which simulates complex nonlinear relationships through
connections between neurons with varying weights and thresholds.
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Figure 2 Applications of machine learning algorithms in the design of synthetic biological parts.
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Table 2 Applications of machine learning in the functional prediction and de novo design of synthetic
biological parts

Types Parts Applications Algorithms References
DNA parts Promoter Promoter strength prediction XgBoost [15]
Promoter strength prediction ANN [60]
Transcription initiation frequency CNN [61]
prediction
Transcriptional activity prediction Logistic regression/CNN [62]
Promoter activity prediction CNN [41]
Promoter activity prediction CNN [63]
De novo design of promoter sequences VAE/CNN [20]
De novo design of promoter sequences GAN/VAE/Diffusion/LSTM/CNN [64]
Enhancer Identify enhancer sequences SVM [65]
Predict enhancer strength SVM [66]
Identify enhancer sequences/predict RF [67]
strength
Silencer Identify silencer sequences SVM [68]
Identify silencer sequences CNN/ANN [69]
Identify silencer sequences CNN [70]
Identify silencer sequences SVM [71]
Identify silencer sequences/predict strength Autoencoder/CNN [72]
RNA parts mRNA Mean ribosome load prediction CNN [16]
Half-life prediction Hybrid model (CNN/RNN) [73]
Mean ribosome load/half-life prediction =~ Hybrid model (CNN/RNN) [17]
RNA toehold switch  Toehold switch function prediction CNN/LSTM [74]
Optimizing performance CNN/RNN/language model [23]
gRNA gRNA activity prediction SVM/Gradient Boosting Decision [48]
Tree
Cas9 cleavage efficiency prediction RF [75]
Targeted knockout efficiency prediction CNN [76]
Specificity prediction CNN/ANN [77]
Protein Transcription factors Identification of transcription factors CNN [78]
parts Binding sites prediction CNN/RNN [79]
Intein Split sites prediction Logistic regression [49]
Insertion sites prediction SVM [80]

ANN: Artificial neural network; CNN: Convolutional neural network; VAE: Variational autoencoder; GAN: Generative
adversarial network; LSTM: Long short-term memory; SVM: Support vector machine; RF: Random forests; RNN: Recurrent
neural network.
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Figure 6 Workflow of two intelligent design algorithms for genetic circuits. A: Learning the shape of the
performance landscape of genetic circuits based on Bayesian optimization techniques and iteratively
searching for the optimal circuit in the parameter combination space!'*!l. B: Workflow of the GeneNet
algorithm!!>?!, Firstly, a cost function is defined based on the difference between the actual output of the
genetic circuit and the target output (left); Then, through the application of gradient descent, the parameters

of the genes are iteratively adjusted to minimize the aforementioned cost function (middle); Finally, the
learned parameter network is analyzed to identify the optimal parameters for the genetic circuit (right).
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