Visualizing DNA reaction trajectories with deep graph
embedding approaches

Chenwei Zhang Khanh Dao Duc
Department of Computer Science Department of Mathematics
University of British Columbia University of British Columbia
Vancouver, BC V6T1Z4 Vancouver, BC V6T1Z4
cwzhang@cs.ubc.ca kdd@math.ubc.ca

Anne Condon
Department of Computer Science
University of British Columbia
Vancouver, BC V6T1Z4
condon@cs.ubc.ca

Abstract

Synthetic biologists and molecular programmers design novel nucleic acid reac-
tions, with many potential applications. Good visualization tools are needed to help
domain experts make sense of the complex outputs of folding pathway simulations
of such reactions. Here we present ViDa, a new approach for visualizing DNA
reaction folding trajectories over the energy landscape of secondary structures. We
integrate a deep graph embedding model with common dimensionality reduction
approaches, to map high-dimensional data onto 2D Euclidean space. We assess
ViDa on two well-studied and contrasting DNA hybridization reactions. Our pre-
liminary results suggest that ViDa’s visualization successfully separates trajectories
with different folding mechanisms, thereby providing useful insight to users, and is
a big improvement over the current state-of-the-art in DNA kinetics visualization.

1 Introduction

Nucleic acid nanotechnologies, including DNA beacons [18]], RNA riboswitches [14], as well as DNA
implementations of Boolean circuits [13]] and artificial neural networks [3]], employ multi-stranded
reactions such as DNA hybridization, three-way toehold-mediated strand displacement, and four-way
branch migration. Molecular programmers are keen to better understand the rates of such reactions
since, even for strands of the same length, rates can vary dramatically as a function of sequence.
However, the mechanisms that determine nucleic acid reaction kinetics are not well understood.
Emerging geometric deep learning methods [8} [1, 2] have demonstrated success in analyzing graph-
based data, providing a new strategy to represent DNA and RNA secondary structures and energy
landscapes. Inspired by this, we propose ViDa, a new visualization approach that integrates recent
deep graph embedding and dimensionality reduction methods to help researchers learn about DNA
reaction mechanisms from computationally sampled secondary structure folding trajectories. We
present a case study that shows the effectiveness of ViDa, and also reveals strengths and weaknesses
of the ML tools employed in ViDa, helping to guide future work on ML model development.
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1.1 Background and related work

To analyze reaction mechanisms, we are interested in studying trajectories, i.e., sequences of sec-
ondary structures, from the reactants to the products of a DNA reaction, along with the time to
transition from one secondary structure to the next. A secondary structure describes the set of base
pairs formed via hydrogen bonding between Watson-Crick complementary bases, and each secondary
structure has an associated free energy that is determined by latent thermodynamic parameters.
Elementary step simulators such as Multistrand [15] (see Appendix [A)) implicitly use continuous-time
Markov chain models of reaction trajectories, and can stochastically generate trajectory samples.
Multistrand’s output just uses “dot-parenthesis” (dp) notation (see Appendix [B|and examples in
Table[I)) to represent a secondary structure, and a sequence of such strings to represent a trajectory.
This output does not situate the trajectory in the overall energy landscape. Machineck et al. [10]]
used a coarse-grained map to show reaction trajectories laid on an energy landscape. However, the
coarse-grained grid cells may include secondary structures with very different free energies, making
interpretation of different reaction trajectories difficult.

Castro et al. [2]] developed a deep graph embedding framework, called the geometric scattering
autoencoder (GSAE) network to study RNA secondary structure landscapes. GSAE has three major
parts: an untrained geometric scattering network [4]], a trained variational autoencoder (VAE) [9]],
and a trained auxiliary regression network, where the latter two networks assemble to form as a semi-
supervised variational autoencoder. The geometric scattering transform first extracts features, called
scattering coefficients, from the input graph. These high-dimensional coefficients are embedded into
low-dimensional representations through the trained semi-supervised VAE network in light of their
secondary structures and metaproperties, such as energy, concentration, and so on. The embedded
features retain necessary information that can be used for further study. However, this approach is
currently limited to single-stranded secondary structures, whereas important nucleic acid reactions are
typically multi-stranded, and does not address how to visualize trajectories through those landscapes.

Although the dimension of the vector output by VAE is smaller than that produced by the geometric
scattering transform, it needs to be reduced further. We compare several dimensionality reduction
approaches that further reduce the number of features in the input data, while retaining important
information. In this work we apply PCA [7], a linear method, as well as the non-linear methods
including PHATE [12], t-SNE [[17], and UMAP [11]].

1.2 Primary contributions

We introduce a new workflow for dimensionality reduction and visualization approach, called ViDa,
based on deep graph embedding, for visualizing and exploring DNA reaction trajectories. We evaluate
ViDa on two well-studied DNA hybridization reactions [5] with contrasting reaction folding pathways
(see details in Section [2.2). Our assessment is motivated by two questions: (i) Do ViDa’s energy
landscape embeddings preserve local and global structure? That is, are secondary structures with
similar base pairs and energies clustered together (local preservation), and does the distance between
clusters reflect dissimilarities between their secondary structures (global preservation)? (ii) More
importantly, do trajectories laid out on the energy landscapes reveal meaningful differences in folding
pathways between the two reactions? Our results demonstrate that ViDa can help domain experts
gain insight from sampled reaction trajectories, because of its good interpretability. Furthermore, the
results also suggest that ViDa can help evaluate the performance of the employed ML tools, guiding
better development of ML approaches.

2 Methods

2.1 ViDa workflow

The ViDa framework pipeline, illustrated in Figure[I] consists of five major parts: the Multistrand
reaction simulator [[15]], a converter which produces adjacency matrices from dp notation, a graph
embedding model (GSAE), a dimensionality reduction technique (PCA, PHATE, t-SNE, or UMAP),
and an interactive plotting tool. An input set of secondary structures, represented using dp notation,
and their corresponding energies, were extracted from sampled Multistrand trajectories. Each
secondary structure was converted to a graph adjacency matrix, with one node per nucleotide and two
types of edges: those that represent complementary base pairs in the structure, and those representing
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Figure 1: The framework of ViDa. The scattering transform and semi-VAE make up the GSAE model.
¥ is the predicted energy by the regressor network and y is the real energy produced by the simulator.

the strand backbones. The resulting set of graphs G = {01;02;:::;0,};0; € RE L (where L = 50
is the sum of the lengths of two single-stranded sequences) were input to a geometric scattering
transform network, which converts graph signals to scattering coefficient vectors. 70% of coefficient
vectors were randomly assigned to the training set for the VAE model, and the remaining 30% were
assigned to the testing set. The latent embedding Z that was produced by the VAE encoder was
input to the auxiliary regression network, which penalizes incorrect energy predictions. Once training
completed, we fed all converted scattering coefficient vectors to the trained VAE model which maps
them to a set of vectors Zg = {21;29; 52, }:2; € R4 in d-dimensional Euclidean space. Finally,
the dataset Z4 was input to dimensionality reduction algorithms (PCA, PHATE, t-SNE, or UMAP)
to obtain an embedding Vg = {vi;Va; 5 Vp iV, € R? in 2D Euclidean space for visualization
purposes.

2.2 Case study design

To evaluate ViDa, we use two DNA hybridization reactions that have been studied experimentally by
Gao et al. [5]] (see also a computational study by Schreck et al. [16]]). For one reaction, bases of a
strand were designed to easily “zip up” with the bases of the complementary strand to form a duplex.
In contrast, in the second reaction, the complementary strands were designed so that intra-strand
hairpin formation could impede the zippering process and slow down duplex formation. See Table
[I] We generated samples of reaction folding trajectories using the Multistrand simulator. For each
reaction, the set of secondary structures visited in the sampled trajectories comprises the landscape.

2.3 Implementation

The VAE model was trained separately for the PO+TO sample and the P4+T4 sample. The total
loss of the model is made up of three terms: two from the VAE model, namely reconstruction and
latent losses; and one from the auxiliary regression network, regression loss. For the experimental
results presented, the iteration epochs were 60 for the PO+TO sample and 100 for the P4+T4 sample,
to avoid overfitting with a batch size of 64. The bottleneck dimension of the VAE was set to 25.
The optimization was done by PyTorch’s Adam optimizer with a learning rate of 0.0001. The
hyperparameters and were set to 1 and 0.0001 respectively, to control the importance of the
regression and latent losses.

Using PHATE, the number of landmarks was set to 2000. The decay rate was set to 40 and the
number of nearest neighbours was set to 5. The parameter settings for t-SNE and UMAP are provided
in Appendix @ The interactive plotting tool used the Plotly library in Python. E]

3 Results

We present here the results obtained from running ViDa with PCA and PHATE. For a discussion of
the results obtained with t-SNE and UMAP, see Section ] and Appendix [D]

'Our code is available at the GitHub repository https://github.com/chenwei-zhang/ViDa.


https://github.com/chenwei-zhang/ViDa

Table 1: Data samples PO+TO and P4+T4, each with two complementary stands [5]. Initial structures
for both samples are unpaired single-stranded secondary structures, while final structures have all
bases paired. Strands PO and TO were designed so that no stable intra-strand hairpins can form,
while P4 and T4 were designed so that a stable hairpin with four paired bases can form. Schematic
representations for hairpin structures are shown in Figure [AT]

Sample PO+T0:  3’-GAGACTTGCCATCGTAGAACTGTTG-5" + 3'-CAACAGTTCTACGATGGCAAGTCTC-5'
Initial structure:  3'-. .o i e L L -5

Final structure:  3"-(((CCCCCCCCCCCCCCCCCCCCCES +37220000000000000000000))-5
Sample P4+T4:  3'-ACACGATCATGTCTGCGTGACTAGA-5' + 3'-TCTAGTCACGCAGACATGATCGTGT-5'

Initial structure:  3’'-. ... i.iiiiiiaaaa.. o A L -5
Final structure:  3’-((((CCCCCCCCCCCCCCCCCCES #3-IMMMMMMMININNI)-5
4-stem hairpins:  3'-.((((evennnnnnn )))) P S 3l (O D)).-5

ViDa preserves global and local structure in energy landscapes. In the plots of the reaction
landscape (Figure [2a] [2b] [2d] and [2¢), state (secondary structure) distribution in all landscapes follows
a high-to-low energy trend from the initial state to the final state, indicating that both PCA and PHATE
preserve global structure. PHATE’s embedding of sample PO+TO (Figure [2a) separates low energy
states into two main branches. The top branch represents states in which most inter-strand base pairs
form at the 3" ends of strand PO, e.g., with abbreviated dp structure such as 3%-((((((( [: : :]-5"+3°-[: 2 1]
M)))-5° (where “[:::]” denotes a region with a mix of unpaired and paired bases’ dp notation).
The bottom branch represents states opposite to the top one, such as: 30 (" +35-))))))
[:: :]-SOEI This suggests that PHATE preserves local structure as well. More evidence of local structure
preservation can be seen in PHATE’s embedding of the landscape of P4+T4. High energy states
are split into three major branches, labeled as 1, 2, and 3 (Figure [2d). Inspection of their secondary
structures shows that most of states in branch 1 have the 4-stem hairpin structure (see Table[I]and
Figure near either the 3° end of strand P4 or the 5° end of strand T4. In contrast, 3-stem hairpins
are dominant in branch 3, while for states in branch 2, hairpins form randomly and are not stable.
Although PCA is a linear method, better at preserving global structure, interestingly, we note that
two low energy branches are separated by PCA in Figure [2e] suggesting PCA can also capture local
structure for sample P4+T4.

ViDa visualizes trajectories in a meaningful way. Laying out the trajectories on the energy
landscapes, all trajectories proceed nicely along the branches (Figure [2a] [2d] and [2¢)). Note that
our visualization pipeline does not get actual trajectories as input, but rather just unordered sets of
states visited by the trajectories. Therefore, different branches reflect different reaction pathways.
For instance, the red trajectory along on the top branch of Figure [2a] follows the trend in which
inter-strand base pairs tend to form from the 3° end of strand PO. Additionally, for all trajectory plots,
we did not observe large jumps occurring along the curves, confirming that our embedding tends to
cluster similar secondary structures together.

ViDa provides more nuanced understanding of reaction mechanisms. Upon considering the
reaction P4+T4 (see Figure[2d), our embedding confirms that the 4-stem hairpin at one or both ends
of the strands slows the reaction down, as intended by design of the P4+T4 sample. Specifically, many
states along the black trajectory have at least one of the 4-stem stable hairpins, providing a barrier to
hybridization. In addition, the blue trajectory in branch 3 is also trapped. We determined that this
alternative trajectory has 3-stem hairpins (see Figure[ATD) in a different region of P4+T4, which also
contribute to the overall slowness. Occasionally, the strand may fold quickly as the reaction pathway
goes through branch 2 in which no stable hairpins exists, such as the red trajectory. Thus, visualizing
the blue trajectory can prompt a user to do further analysis of specific kinetic traps that slow down
the P4+T4 reaction.

ViDa is more informative than coarse-grained methods. In the coarse-grained representation of
DNA hybridization, as shown in Figure 2cJand 2] the X axis refers to the number of base pairs in the

*We could quickly explore state’s structures by using an interactive tool that we implemented, which we do
not describe further here.
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