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Facilitating crRNA Design by Integrating DNA Interaction
Features of CRISPR-Cas12a System
Zhihao Yao, Wanglu Li, Kaiyu He, Hongmei Wang, Yan Xu, Qun Wu,* Liu Wang,*
and Yao Nie*

The CRISPR-Cas12a system has gained significant attention as a rapid nucleic
acid diagnostic tool due to its crRNA-guided trans-cleavage activity. Accurately
predicting the activity of different targets is significant to facilitate the crRNA
availability but remains challenging. In this study, a novel approach is
presented that combines molecular dynamics simulations and neural network
modeling to predict the trans-cleavage activity. Unlike conventional tools that
rely solely on the base sequences, our method integrated sequence features
and molecular interaction features of DNA in the CRISPR-Cas12a system,
significantly improving prediction accuracy. Through feature importance
analysis, key sequence features that influence Cas12a trans-cleavage activity
are identified. Additionally, a crRNA-DNA library with over 23 456 feature
sequences from representative viruses and bacteria is established, and
validated the high predictive accuracy of the model (Pearson’s r = 0.9328) by
screening crRNAs from reference targets. This study offers new insights into
the molecular interactions of Cas12a/crRNA-DNA and provides a reliable
framework for optimizing crRNA design, facilitating the application of the
CRISPR-Cas12a in rapid nucleic acid diagnostics.
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1. Introduction

Recently, the CRISPR-Cas12a system has
been widely applied into in vitro nucleic
acid detection in medical diagnosis, food
processing and safety, and environmen-
tal monitoring due to its strong ability
to recognize specific nucleic acid targets
and activate CRISPR RNA (crRNA)-
guided trans-cleaving activity to enhance
signals.[1,2] However, different crRNAs
show greatly different effects on Cas12a
enzyme activities due to its sequence
dependence.[3–5] It is thereof important to
screen optimal crRNA to facilitate the ap-
plications of CRISPR-based technologies,
such as improving quantitative abilities
of one-pot Cas12a-amplifcation detection
systems,[6] and enhancing the ability of
gene editing, multi-target detection, and
mutant identification.[7] Conventional cr-
RNA screening procedures often involve
multiple comparative assays in laboratory
experiments, that is time-consuming and

resource-intensive.[8,9] By comparison, computer-based methods
allow researchers to conduct tests in a virtual environment, re-
ducing the cost of experiments.[10] Meanwhile, they can quickly
run multiple trials and iterations, saving a lot of time, especially
when dealing with long time series or multiple scenarios.[11]

Recently, several in silico deep learning-based tools such as
ADAPT[12] and EasyDesign[13] have been developed to screen
crRNA and predict enzyme activity of CRISPR-Cas systems.
However, these tools only established a link between base se-
quences and enzyme activity, showing limited prediction perfor-
mance without considering the CRISPR-Cas molecular interac-
tion mechanism strongly related with trans-cleavage activity.
As a RNA-guided nuclease, the CRISPR-Cas12a molecular

interactions mainly include four steps (Figure S1, Supporting
Information): 1) protospacer adjacent motif (PAM) recognition
by the WED and PI domains of Cas12a to promote double-strand
DNA (dsDNA) target unwinding; 2) the hybridization of crRNA
and DNA target to induce conformational changes in REC
lobe of Cas12a, leading to activate RuvC domain of Cas12a;
3) the cis-cleavage of DNA target and release of PAM-distal
dsDNA; 4) the trans-cleavage of non-specific single-stranded
DNA (ssDNA) at RuvC domain.[14–16] Therefore, we infer that the
intermolecular and intramolecular interactions of the preceding
Cas12a/crRNA-DNA complex (at step 1–3) can directly affect the
binding and cleaving efficiency of the subsequent non-specific
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ssDNA substrates (at step 4).[17,18] For example, PAM in the
DNA target could interact with PI domain of Cas12a (at step
1), different PAM sequences showed different effects on both
the Cas12a cis-cleavage and Cas12a trans-cleavage activity.[16,19]

Additionally, the free energy change of crRNA-DNA targets from
the initial state to approximate hybridization state (at step 2)
was found as a key factor controlling trans-cleavage activity of
Cas12a.[20] However, it has not been investigated about deeper
molecular interaction features between Cas12a/crRNA and DNA
targets (from step 3 to step 4, after the release of PAM-distal
dsDNA). Thereby, we believe that further analyzing these molec-
ular interaction features from step 3 to step 4 would effectively
explain the reason of the differences in Cas12a trans-cleavage
activity caused by different sequences.
Currently, the emergingmolecular dynamics (MD) simulation

technology has been increasingly used to investigate CRISPR
molecular interaction mechanisms. For example, by measuring
the binding free energy of Cas9/gRNA-DNA complex with MD
simulations, a tool named CRISOT was developed to predict
CRISPR-Cas9 off-target efficiencies with higher prediction per-
formances than other off-target scoring methods (p < 0.05).[21]

Additionally, the MD simulation technology was used to reveal
that DNA binding could induce a switch to change conformation
and activate Cas12a (as described above, at step 2) by measuring
the root mean square deviation (RMSF) and trajectory.[22] More-
over, MD simulations also revealed that an alpha-helical lid lo-
cated in the RuvC domain of Cas12a could guide the target strand
(TS) of DNA toward catalysis by calculating the binding free en-
ergy change profiles (at step 3).[23] Based on these, we speculated
that using the MD simulation technology to calculate molecular
interaction features such as RMSF and free energy change (from
step 3 to step 4) could promote the understanding of the differ-
ences in Cas12a trans-cleavage activity caused by base-pair types
and positions.
To reveal deeper molecular interaction mechanisms, in this

study, we conducted MD simulations of various Cas12a/crRNA-
DNA complexes (at step 3–4, without PAM-distal dsDNA) to
obtain a broad molecular interaction feature map of DNA. By
incorporating these interaction features, we developed a neu-
ral network model (ActivityNN) to accurately predict the Cas12a
trans-cleavage activity. Notably, to reduce MD computational re-
sources and time, we also proposed an efficient model (Inter-
mediateNN) to compute the interaction features with less than
3 min. More importantly, by analyzing the feature importance
of ActivityNN, we identified key sequence features influencing
Cas12a trans-cleavage activity. By using the developedmodels, we
created a crRNA-DNA library targeting more than 23 456 feature
sequences from representative dsDNA viruses and bacteria, and
screened crRNAs from reference microorganisms to perform ex-
perimental tests, demonstrating the great performance of devel-
oped models in predicting the Cas12a trans-cleavage activity and
enhancing the crRNA availability.

2. Results

2.1. Design Principle and Workflow

The main goal of this study is to use MD simulations to compre-
hend the molecular interaction features (such as binding ener-

gies, hydrogen bonds, and RMSF) of different DNA targets in the
CRISPR-Cas12a system, and then apply this knowledge to predict
the Cas12a trans-cleavage activity and facilitate the crRNA avail-
ability. The schematic overview of this study is shown in Figure
1, including data collection and processing, model construction,
feature importance analysis, and experimental tests.
Specifically, we first designed crRNAs of various targets, in-

cluding PAM-included (5’-TTTN-3’, N=A/T/C/G) and PAM-free
crRNAs. Then, we determined the Cas12a trans-cleavage activ-
ity of the prepared crRNA-DNA dataset by using real-time fluo-
rescence detection (Figure 1a). Meanwhile, we used MD simula-
tions to calculate various molecular interaction features of DNA
as ligands in the CRISPR-Cas12a system, including hydrogen
bond counts, RMSF, total binding free energies, and free en-
ergy decompositions (van der Waals forces, polar solvent ener-
gies, non-polar solvent energies, and electrostatic energies), be-
cause these features may impact the Cas12a trans-cleavage activ-
ity (Figure 1b). We then established two neural network models
named IntermediateNN and ActivityNN. The IntermediateNN
model could predict the molecular interaction features of DNA
in the CRISPR-Cas12a system. For the ActivityNN model, it was
developed to predict the Cas12a trans-cleavage activity by train-
ing a dataset including target sequence andmolecular interaction
features (Figure 1c). Subsequently, we performed the feature im-
portance analysis of the ActivityNN model, identifying the key
sequence features of the CRISPR-Cas12a system (Figure 1d). Fi-
nally, the developed models were used to build a large crRNA-
DNA library and screen crRNAs of reference targets and predict
the corresponding Cas12a trans-cleavage activity (Figure 1e).

2.2. Measuring Cas12a Trans-Cleavage Activity of Broad
crRNA-DNA Dataset

To create a dataset that represents actual Cas12a-based in vitro
detection procedures, we constructed a broad dataset including
1448 crRNA-DNA complexes (Group 1: 60 targets, Group 2: 120
targets, and Group 3: 1268 targets). These complexes were tar-
geted several species-specific genes of various microorganisms
such as Lactobacillus acetotolerans, Pichia kudriazevii, Spiroplasma
eriocheiris, Salmonella typhimurium, white spot syndrome virus,
SARS-CoV-2, and human papillomavirus type 18 (HPV18) from
food processing, food safety, and medical diagnostics.[6,13,24–26]

Detailed descriptions on the construction of crRNA-DNA dataset
can be found in the Methods section. The analyzed base se-
quences included 20 nucleotide (20-nt) specific sequences (de-
fined as position 1–20 in this study) located on the target strand
(TS, 5’–3’) of DNA, 4-nt PAM sequence (position 21–24) located
on the non-target strand (NTS, 5’–3’), and 4-nt PAM complemen-
tary sequence (position 25–28) located on the target strand (TS,
5’–3’) (Figure S2, Supporting Information). The base distribution
of all preparedDNA targets is shown in Figure S3 (Supporting In-
formation). The four kinds of bases (A, T, G, C) widely distributed
at all positions, and the average frequency was 24.55%, 34.61%,
20.60%, and 20.24%.
We then measured the Cas12a trans-cleavage activity of the

broad crRNA-DNA dataset by real-time fluorescence kinetics de-
tection (see Experimental Section). We collected the increased
fluorescence signals from the initial 10 min and obtained the
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Figure 1. Schematic illustration of this study. a) Measuring the Cas12a trans-cleavage activity from the broad crRNA-DNA datasets by conducting real-
time fluorescence kinetic detection. b) Analyzingmolecular interaction feature of DNA in the CRISPR-Cas12a system byMD simulations, including RMSF,
hydrogen bond cunts, total binding free energies, van der Waals forces, polar solvent energies, non-polar solvent energies, and electrostatic energies.
c) Constructing the neural network models (IntermediateNN and ActivityNN) for predicting molecular interaction features and Cas12a trans-cleavage
activity. d) Feature importance analysis of the ActivityNN model to identify key sequence features. e) Application of models on Cas12a-based nucleic
acid detection by building a crRNA-DNA library (available on the github website) to screen crRNAs and predict their Cas12a trans-cleavage activity.
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Cas12a trans-cleavage activity by calculating the first derivative of
fluorescence growth with respect to time (Figures S4–S8, Sup-
porting Information). Consequently, a map of the Cas12a trans-
cleavage activity was generated by normalizing the increased flu-
orescence signals under the same reaction conditions (see Ex-
perimental Section) (Figures S9–S11, Supporting Information).
Results showed that the overall Cas12a trans-cleavage activity
was normally distributed in the range of 0–0.12 relative fluores-
cence units (RFU)/min, and the most targets were distributed in
the range of 0.01–0.02 RFU/min (28.591%), followed by 0–0.01
RFU/min (20.235%) and 0.02–0.03 RFU/min (17.334%), further
supporting the generalizability of these data.

2.3. Molecular Interaction Features of DNA in the
CRISPR-Cas12a System

We constructed 180 different Cas12a/crRNA-DNA complexes
(from step 3 to step 4, without PAM-distal dsDNA, Figure S1,
Supporting Information) by mutating nucleic acid bases of cr-
RNA and DNA in this study. Then, we performed 100 ns MD
simulations in explicit solvent to estimate the similarities and dif-
ferences in the dynamics across these complexes (Figure 2a). To
promote the understanding of the molecular interactions in the
CRISPR-Cas12a system (Cas12a/crRNA as the receptor, DNA as
the ligand) and explore possible stable and flexible regions related
to Cas12a trans-cleavage activity, we analyzed several important
features of DNA according to the position of base sequence (28-
nt), including total binding free energies, van der Waals forces,
polar solvent energies, non-polar solvent energies, electrostatic
energies, hydrogen bond counts, and RMSF. Notably, to facilitate
the calculation of these features, the trajectories corresponding
to 90–100 ns in the MD simulations were selected for analysis,
because the Root mean square deviation (RMSD) value were rel-
atively stable with continually fluctuation of all complexes in the
entire (100 ns) simulation trajectory (Figure S12, Supporting In-
formation). The fluctuated RMSD values showed that the struc-
tures would exhibit some conformational changes within this
timeframe, that could capture potential and meaningful molecu-
lar interactions. Importantly, the overall change trend of RMSD
remained relatively stable across the simulations, that suggested
that the initial structures were stable during the 100 ns period. To
further confirm the structural relative stability of this stage (90–
100 ns), we selected three test targets with high, medium, and
low Cas12a trans-cleavage activities to analyze the RMSD distri-
butions for both the 100 ns and 90–100 ns intervals (Figure S13,
Supporting Information). Results showed that the RMSD distri-
butions for both 100 ns and 90–100 ns followed a normal distri-
bution, and themean value was close. This suggested that the 90–
100 ns simulation could provide reliable and stable results, that is
crucial for reducing simulation time and improving throughput.
Additionally, we chose the initial Cas12a/crRNA-DNA complex
structure from step 3 to step 4 without PAM-distal dsDNA for
our MD simulations. Since this structure was closer to step 4,
we believed the stage (90–100 ns) was closer to the Cas12a trans-
cleavage stage (step 4, Figure S1, Supporting Information).
According to each base type (A, T, G, C), we analyzed the av-

erage RMSF, hydrogen bond counts, and energy distribution of

DNA across all complexes at each base position (Figure 2b–h).
It can be found that several features were strongly related to
base locations and base types such as total binding free ener-
gies, van der Waals forces, non-polar solvent energies, and hy-
drogen bond counts (Figure 2b,c,f,g). For example, for the G
base on the target sequence (position 1–20), the total binding
free energies (Figure 2b), van der Waals forces (Figure 2c), and
non-polar solvent energies (Figure 2f) are lowest at most posi-
tions, indicating that the G base may play a pivotal role in main-
taining strong binding interactions and overall stability, and en-
hancing cleaving activity.[20] For instance, at position 7, the G
base (Base_7_G, compared with A, T, C) showed the lowest to-
tal binding energies (−11.790 kcal mol−1), lowest van der Waals
forces (−10.524 kcal mol−1), and lowest non-polar solvent ener-
gies (−1.236 kcal mol−1). Moreover, at position 24, the T base
(Base_24_T) showed the lowest hydrogen bond counts (33), in-
dicating that the T base may be less desirable at this position. On
the target sequence (position 1–20), the hydrogen bond counts of
the G/C base were more than that of the A/T base (Figure 2g),
further suggesting that G/C interactions contribute more signif-
icantly to structural stability in the target region. By comparison,
the hydrogen bond counts were close for four kinds of bases (A,
T, G, C) on the PAM sequence (position 21–24) and PAM comple-
mentary sequence (position 25–28), indicating that the hydrogen
bond distribution in PAM sequence was relatively balanced. This
distribution may contribute to the functional performance and
recognition properties of PAM sequence. Therefore, in some sit-
uations, even PAM-free sequences could also maintain the nec-
essary enzymatic activity of Cas12a protein.[6,26]

Additionally, it can be found that some features were related
to the base position with no obvious difference of the base
type, such as electrostatic energies, polar solvent energies, and
RMSF (Figure 2d,e,h). Therefore, we further calculated the av-
erage RMSF, energy distribution, and hydrogen bond counts of
all complexes at each base position (Figure S14, Supporting In-
formation). The distribution of these features varied at different
locations. Results showed that base position 7, 8, 9, and 10 (lo-
cated on target sequences, TS, 5’-3’) had high electrostatic en-
ergies (21.121, 23.586, 25.149, and 22.708 kcal mol−1), low po-
lar solvent energies (−20.982, −23.402, −24.432, and −22.369
kcal mol−1), and low RMSF (0.118, 0.122, 0.136, and 0.148 nm),
indicating these positions may be structurally stable regions im-
portant for Cas12a protein binding, and remain intact after re-
leasing the PAM-distal products.[14] In contrast, position 21, 22,
23, and 24 (located on PAM sequences, NTS, 5’-3’) showed low
electrostatic energies (4.563, 4.819, 3.174, and 2.520 kcal mol−1),
high polar solvent energies (−5.725, −5.456, −4.070, and −2.584
kcal mol−1), and high RMSF (0.448, 0.470, 0.501, and 0.534 nm),
suggesting these positionsmay bemore flexible regions formod-
ulating the conformational change of Cas12a PI domain.[16]

Overall, we provided a comprehensive map of the differences
in molecular interaction features DNA in the CRISPR-Cas12a
system (Figure 2), that was the important basis for exploring the
difference of Cas12a trans-cleavage activity. Based on differences
of molecular interaction features, we speculated that building a
mathematical model would help effectively optimize bases at dif-
ferent locations, thereby improving the Cas12a trans-cleavage ac-
tivity.
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Figure 2. Molecular interaction features of DNA in the CRISPR-Cas12a system across the base positions and base types. a) scheme of MD simulations
of Cas12a/crRNA-DNA complexes (PDB ID: 5XUS), exploring the dynamics and stability of molecular interactions. b–h) Heat map representation of
key molecular interaction features of DNA from trajectories during 90–100 ns simulations, including average energy distributions (b) total binding free
energies, c) van der Waals forces, d) non-polar solvent energies, e) electrostatic energies, and f) polar solvent energies), g) hydrogen bond counts, and
h) RMSF, across base positions in the target (1–20), PAM (21–24), PAM complementary (25–28) sequences and base types (A, T, G, C).

2.4. Building Effective Models to Predict Molecular Interaction
Features and Cas12a Trans-Cleavage Activity

Performing MD simulations typically takes significant computa-
tional resources and time (about 22 h per structure in this study,
see Experimental section).[27] To reduce the substantial compu-
tational resources and time of MD simulations, we first built a
deep learning neural network model (IntermediateNN) for di-
rectly predicting seven molecular interaction features of DNA in
the CRISPR-Cas12a system according to base sequence position
1–28, including total binding free energies, van der Waals forces,

polar solvent energies, non-polar solvent energies, electrostatic
energies, hydrogen bond counts, and RMSF (Figure 3a). For de-
veloping the IntermediateNN model, we constructed the dataset
including 180 target sequences that were used for MD simula-
tions above, and divided into a training dataset (80%) and a test
dataset (20%). The required calculation time for the Intermedi-
ateNN model on an unknown target was under 3 min, that was
much faster than ordinary simulations (22 h). By analyzing the
R2 value (a coefficient representing prediction performances), the
predicted values of most features were comparable with the true
value at all base positions, especially the hydrogen bond counts

Adv. Sci. 2025, 2501269 2501269 (5 of 14) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 3. Models for predicting molecular interaction features of DNA and Cas12a trans-cleavage activity. a) Diagram of the IntermediateNN model,
a deep learning neural network built to predict seven molecular interaction features of DNA in the CRISPR-Cas12a system, including total binding
free energies, van der Waals forces, polar solvent energies, non-polar solvent energies, electrostatic energies, hydrogen bond counts, and RMSF based
on base sequence position 1–28. b) Prediction performance of the IntermediateNN model, shown by R2 values, indicating prediction accuracy for
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(Figure 3b). The R2 value of the hydrogen bond count was greater
than 0.901 at more than 23 base locations, the maximum value
was 0.992 at position 3 (R2 value closer to 1 indicates higher pre-
diction accuracy). Additionally, for the prediction of total binding
free energies, the R2 value was greater than 0.726 at more than
14 base locations, and the maximum value was 0.836 at position
17. Moreover, the R2 maximum values of van der Waals forces,
electrostatic energies, polar solvent energies, non-polar solvent
energies, and RMSF were 0.847, 0.834, 0.837, 0.809, and 0.730,
respectively. Based on these, the IntermediateNN model may be
deemed as an effective method to reduce the time and computer
resources needed for MD simulations to predict molecular inter-
action features of DNA in the CRISPR-Cas12a system.
To predict the Cas12a trans-cleavage activity, we introduced

the molecular interaction features of DNA into the Cas12a trans-
cleavage activity dataset. Specifically, in addition to 180 target se-
quences for MD simulations, it also included an additional 1268
target sequences from a recent study (namely, a total of 1448 tar-
get sequences).[13] Given the strong predictive ability of the In-
termediateNN model, we input these 1268 additional sequences
into the IntermediateNN model to acquire the corresponding
molecular interaction features. We then merged these features
with the original 180 sequences and their molecular interaction
features. The merged dataset was divided into a training dataset
(80%) and a test dataset (20%). Then, we compared the predic-
tion performances of one deep learning neural network model
(ActivityNN) and four machine learning models (random forest
(RF), support vector regression (SVR), gradient boosting (GB),
and extreme gradient boosting (XGBoost)) (Figure 3c). Compared
with conventional datasets based only on base sequence features,
the improved dataset contained extra 196 feature items (namely,
sevenmolecular interaction features (RMSF, hydrogen bonds, to-
tal binding free energies, van der Waals forces, polar solvent en-
ergies, non-polar solvent energies, and electrostatic energies) at
the base position 1–28). Using the test dataset, the prediction per-
formance of ActivityNN (R2 = 0.9455) was better than RF (R2 =
0.7207), SVR (R2 = 0.7876), GB (R2 = 0.7891), and XGBoost (R2

= 0.7777) (Figure 3d), indicating that the ActivityNN model had
good generalization capabilities with potentials for predicting the
Cas12a trans-cleavage activity. Moreover, the ActivityNN model
also outperformed other existing models reported in the litera-
tures (e.g., ADAPT,[12] EasyDesign,[13] △G-ssDNA,[20] and △G-
dsDNA[20]) (Figure S15, Supporting Information). Consequently,
the ActivityNN model could be regarded as a new way to further
screen more effective crRNA from various targets to improve the
Cas12a trans-cleavage activity.

2.5. Key Sequence Features Related with the Cas12a
Trans-Cleavage Activity

We used permutation feature importance (PFI) analysis for the
AcitivityNN model to investigate key sequence features related

with the Cas12a trans-cleavage activity. Identifying such features
would facilitate crRNA screening and Cas12a-based nucleic acid
detection. Sorting by the base position and base type, we obtained
the order of base importance for each position (Figure 4a). No-
tably, the bases at position 21, 22, 23 on the PAM sequence and
position 26, 27, 28 on the PAM complementary sequence showed
higher importances on Cas12a trans-cleavage activity than those
on the target sequence. Across the base position (position 1–28),
we constructed correlations between the base importance and
seven molecular interaction features (van der Waals forces, elec-
trostatic energies, polar solvent energies, non-polar solvent en-
ergies, total binding free energies, hydrogen bonds, and RMSF)
(Figure 4b). Results showed that at positions 2, 7, 16, 20 of the
TS sequence, 21, 22, 23, 24 of the PAM sequence and 25, 26, 27,
28 of the PAM complementary sequence, most of the molecular
interaction features showed extreme positive or negative corre-
lation with the base importance, and studying their effects on
these locations may help to understand their biological role on
the Cas12a trans-cleavage activity.
Specifically, at position 2 on the TS (PAM distal) sequence,

the Pearson’ correlation coefficient (r) value between total bind-
ing free energies and the base importance was 0.962, while the
r-value between RMSF and the base importance was 0.858. Ac-
cording to the base importance result, the C base was identified
as the most important at position 2. The average total binding
energies of the C base (Base_2_C) was −2.276 kcal mol−1, and
the average RMSF was 0.292 nm (Figure 2b,h), indicating that
the structure around Base_2_C was fluctuated to conducive to
Cas12a trans-cleavage. The hydrogen bonds of Base_2_C were
mainly formed by C18 (crRNA) (Figure 4c). Furthermore, at po-
sition 7, multiple molecular interaction features showed a signif-
icant negative correlation with base importance, especially with
total binding energies (r = −0.894) and electrostatic energies (r =
−0.906). The G base at position 7 had the highest importance.
The average total binding energies of the G base (Base_7_G)
was −11.790 kcal/mol, and the average electrostatic energies was
20.148 kcal mol−1 (Figure 2b,d), suggesting that the structural
stability of Base_7_G by reducing binding energies and electro-
static energies would facilitate Cas12a trans-cleavage. The hydro-
gen bonds of Base_7_G were mainly formed by the G13 (cr-
RNA) (Figure 4d). Besides, the base importance at position 16
was strongly correlated with the corresponding hydrogen bonds
(r = 0.977) and electrostatic energies (r = −0.906). The impor-
tance of G base (Base_16_G) at this location was the highest,
the average hydrogen bond count was 599, and the average elec-
trostatic energy was 10.480 kcal/mol (Figure 2d,g). Therefore,
the Cas12a trans-cleavage may be facilitated by enhancing hydro-
gen bonds and decreasing electrostatic energies of Base_16_G to
keep structural stability. The hydrogen bonds of Base_16_G were
mainly formed by the Ser168, Phe983, Lys984, and C4 (crRNA)
with (Figure 4e). Additionally, at position 20 on the TS (PAM
proximal) sequence, more than 5 molecular interaction features
showed a significant correlation with base importance, especially

molecular interaction features across base positions. c) Comparison of the deep learning and machine learning models for predicting Cas12a trans-
cleavage activity, using an enriched dataset containing 28 base sequence features and 196 additional molecular interaction features at positions 1–28.
d) Prediction performance of one deep learning model (ActivityNN) and four machine learning models (RF, SVR, GB, and XGBoost) by linear fitting the
predicted and actual Cas12a trans-cleavage activity.
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Figure 4. Key sequence features influencing Cas12a trans-cleavage activity. a) PFI analysis for the ActivityNNmodel, showing the ranking of base impor-
tance across positions 1–28. Bases at positions 21, 22, and 23 on the PAM sequence and position 26, 27, and 28 on the PAM complementary sequence
were found to have higher importance for Cas12a trans-cleavage activity compared to bases on the target sequence. b) Correlation analysis between base
importance and seven molecular interaction features (van der Waals forces, electrostatic energies, polar solvent energies, non-polar solvent energies,
total binding free energies, hydrogen bond counts, and RMSF) across positions 1–28 of the TS and PAM sequences. c–j) Schematic diagram of hydrogen
bond interactions for the most important bases at specific positions.

with polar solvent energies (r = 0.884), electrostatic energies (r =
−0.934), and total binding free energies (r = −0.915). The G base
(Base_20_G) at position 20 was the most important. The average
polar solvent energy was−5.897 kcal mol−1. In addition, the aver-
age electrostatic energy was 5.314 kcal mol−1 and the total bind-
ing energies was −11.136 kcal mol−1 (Figure 2b,d). These results
demonstrated that Base_20_G could provide important stability
to facilitate the location of crRNA by improving polar interaction.
Hydrogen bonds of Base_20_G were mainly formed by Lys591,
Ser739, Gly740, C0 (crRNA) (Figure 4f).
For the PAM region (position 21–24), the base importance at

position 21 was negatively correlated with hydrogen bonds (r =
-0.951). The T base (Base_21_T) at position 21 was the most im-
portant, the average hydrogen bond count was 386, and the aver-
age RMSF was 0.450 nm (Figure 2g,h). The hydrogen bonds of
Base_21_T were mainly formed by Thr148, Thr149, and Gly146
(Figure 4g). Moreover, the base importance at position 22 had
a strong negative correlation with the van der Waals forces (r
= −0.819), and total binding energies (r = −0.951). The T base
(Base_22_T) was the most important, the average van der Waals
forces and binding energy were −4.788 and −6.432 kcal mol−1,
respectively (Figure 2b,c). The hydrogen bonds of Base_22_T
were mainly formed by Lys121 and Lys120 (Figure 4h). Addition-
ally, the base importance at position 23 was positively correlated
with the total binding free energy (r = 0.857). For the T base
(Base_23_T) at this location, the average binding free energy was

−3.467 kcal mol−1, the average hydrogen bond count was 123,
and the average RMSFwas 0.464 nm (Figure 2g,h). The hydrogen
bonds of Base_23_T were mainly formed by Lys595, Lys120, and
Lys116 (Figure 4i). For base at position 24, the base importance
showed a strong correlation with more than 4 molecular inter-
action features, including the van der Waals force (r = −0.826),
non-polar solvent energy (r = −0.769), total binding free energy
(r = −0.863), and hydrogen bond (r = 0.949). The average hydro-
gen bond count was 49 for the A base (Base_24_A) and 32 for
the T base (Base_24_T). In addition, the average RMSF of the A
base was 0.547, while the average RMSF of the T base was 1.023
nm (Figure 2h), indicating that the T base at this position may
cause unfavorable structural fluctuations to reduce Cas12a trans-
cleavage activity. The hydrogen bonds of Base_24_A were mainly
formed by Lys591 and Tyr616 (Figure 4j). Based on these, we fur-
ther conducted the interaction analysis between the complemen-
tary strand of PAM (5’-TTTA-3’) and amino acids. Notably, the
significantly low binding free energies were found between the
complementary DNA bases (Base_21_T, Base_22_T, Base_23_T)
and Lys595 (Figure S16a, Supporting Information). Specifically,
the average binding energies of the complementary DNA bases
(DA4, DA3, DA2) were−9.033,−10.499, and−12.146 kcal mol−1,
that were much lower than the binding energies of surround-
ing bases (DG5, DG6, DA7, DC8). Meanwhile, the average bind-
ing energy of Lys595 was −6.888 kcal mol−1, that was also lower
than that of other amino acids within the same domain (such as
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Pro594, Leu593, Val596, Phe597, Phe598). Additionally, the low
electrostatic energies were also found between complementary
DNA bases (Base_20_C, Base_21_T, and Base_22_T) and Lys601
(Figure S16b, Supporting Information). Specifically, the average
electrostatic energies of the complementary DNA bases (DG5,
DA4, DA3) were −1.065, −2.122, and −0.635 kcal mol−1, while
the surrounding bases showed positive electrostatic energy val-
ues (e.g., DT1, DA2, DG6, DA7, DC8). Meanwhile, the average
electrostatic energy of Lys601 was −31.287 kcal mol−1, that was
also much lower than other amino acids in the same domain
(such as Phe598, Ser599, and Trp602).

2.6. Application of Developed Models in Library Construction
and Cas12a-Based Nucleic Acid Detection

To facilitate the crRNA availability and the practical application
of developed models, we combined IntermediateNN with Ac-
tivityNN to construct the One-step ActivityNN model. This is
an end-to-end model starting from the input sequence features
and directly outputting the Cas12a trans-cleavage activity predic-
tion value (Figure S17, Supporting Information). In this model,
the molecular interaction features of DNA could be quickly cal-
culated by IntermediateNN (in less than 3 min/structure) and
automatically combined with the sequence features. Besides,
we trained another end-to-end model to determine the contri-
bution of the IntermediateNN to the ActivityNN by removing
it and only retaining sequence features. Results showed that
when only sequence features were used as input, the predic-
tion performance was poor with R2 at 0.3537 (Figure S18, Sup-
porting Information). These findings highlight the crucial con-
tribution of the IntermediateNN model to the prediction accu-
racy. Then, we used the One-step ActivityNN model to estab-
lish a crRNA-DNA library containing abundant targets and the
corresponding predicted Cas12a trans-cleavage activity (Figure
5a). The library could be freely available at an online website
(https://github.com/zhyao-JNU/crRNA-DNA-library), including
23 456 feature sequences of 436 representative dsDNA viruses
at the family-level (Adenoviridae, Asfarviridae, Herpesvirales, Poly-
omaviridae, and Poxviridae),[28] and several reference targets (See
Methods section, Figure S19, Supporting Information). Results
showed that the activity range of screened crRNAs from 15 ref-
erence targets were widely distributed from 0 to 0.12 RFU/min
(Figure 5b). We randomly synthesized 15 screened crRNA-DNA
targets for experimental testing to investigate the accuracy of pre-
diction (Figure 5c). It can be found the predicted Cas12a trans-
cleavage activity from theOne-stepActivityNNmodel was in good
agreement with that of the experimentally verified results (Pear-
son’s r = 0.9328) (Figure 5d), suggesting that predicted results of
the one-step ActivityNN model could represent the Cas12a trans-
cleavage activity. Notably, the molecular interaction features were
from the IntermediateNN model, that were not from MD simu-
lations and may generate a gap when applying the One-step Ac-
tivityNNmodel. Therefore, for 15 targets above, we compared the
differences between the two methods (MD simulation and Inter-
mediateNN model) to test whether the performance was weak-
ened by this gap. Results indicated that the molecular interaction
features derived from both methods were closely aligned, with
Pearson’s r ranging from 0.81 to 0.99 (Figure S20, Supporting

Information). The correlation for polar solvation energy and elec-
trostatic potential reached 0.99, demonstrating the strong predic-
tive performance of the IntermediateNN model. Subsequently,
we combined molecular interaction features from MD simula-
tion with sequence features, and input them into the ActivityNN
model for predicting the activity (Figure S17, Supporting Infor-
mation). Results showed that the Pearson’s r value for themethod
based on MD simulation (two-step model) was 0.9429 (Figure
S21, Supporting Information). Therefore, we believe that this gap
had less impact on the predictive performance of the one-step Ac-
tivityNN model.
Furthermore, the prediction models above were developed

based on LbCas12a. To strengthen the generalizability across
Cas12a subtypes, we performedMD simulations and experimen-
tal validation for AsCas12a (PDB ID: 5B43) using 15 representa-
tive targets above (Figure S22a, Supporting Information). Results
showed that the DNA interaction features between LbCas12a and
AsCas12a exhibited a strong correlation, with Pearson’s r ranging
from 0.76 to 0.89 (Figure S22b, Supporting Information). Addi-
tionally, the trans-cleavage activity ranges of AsCas12a for these
15 targets were widely distributed from 0 to 0.08 RFU/min, that
was comparable to the distribution of LbCas12a (Figure S22c,d,
Supporting Information). By combining sequence features with
interaction features of DNA from AsCas12a and inputting them
into the ActivityNN model, we acquired the corresponding ac-
tivity prediction value and compared them with the experimental
value. The Pearson’s r value between the prediction value and true
value was 0.8812, indicating that the model maintained accept-
able predictive power and adaptability across Cas12a subtypes
(Figure S22e, Supporting Information).

3. Discussion

The CRISPR-Cas12a system is emerging as a potential fast
nucleic acid diagnostic tool due to its trans-cleavage ability.[29]

The intramolecular and intermolecular interactions of the
Cas12a/crRNA-DNA complex can directly influence the CRISPR-
Cas12a trans-cleavage activity. Here, we used the MD simulation
technology to calculate the molecule interaction features of
different Cas12a/crRNA-DNA complexes from step 3 to step
4 (Figure S1, Supporting Information). In our comprehensive
analysis of the molecular interaction features of DNA in the
CRISPR-Cas12a system, we observed significant differences
of total binding free energies, van der Waals forces, non-polar
solvent energies, and hydrogen bond counts on the different
base positions and types. G/C bases in the target sequence
(positions 1–20) significantly contributed to structural stability
through higher hydrogen bond counts compared to A/T bases.
This was crucial for effective binding of Cas12a. In contrast,
the PAM sequence (positions 21–24) and PAM complementary
sequence (position 25–28) showed a balanced distribution of
hydrogen bonds across all bases (A, T, G, C), suggesting that
even PAM-free sequences may maintain enzymatic activity of
Cas12a in some ways.[17] Notably, the G base at most positions
demonstrated the lowest binding free energies and van derWaals
forces, highlighting its critical role in stabilizing the complex.
Conversely, the T base at position 24 (Base_24_T) was likely
the least stable and least desirable, potentially compromising
the integrity of the complex. This highlights the importance of
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Figure 5. Application of developed models in Cas12a-based nucleic acid detection. a) Schematic of the crRNA-DNA library, built using the Intermedi-
ateNN and ActivityNN models, for screening crRNAs and predicting their Cas12a trans-cleavage activity. The library includes feature sequences from
various dsDNA viruses and reference targets, that is available online at https://github.com/zhyao-JNU/crRNA-DNA-library. b) Distribution of Cas12a
trans-cleavage activity for crRNA counts screened from 15 reference targets, showing activity values ranging from 0 to 0.12 RFU/min. c) Experimental
validation of 15 randomly synthesized crRNA-DNA targets selected from the reference targets by using the real-time fluorescence kinetics detection. All
data were presented as mean ± SD (n = 3). d) Comparison between the predicted and experimentally verified Cas12a trans-cleavage activity, indicating
the accuracy of the models. RFU: relative fluorescence units.
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base selection in specific positions for optimizing the binding
stability and flexibility of the Cas12/crRNA-DNA complex and
suggests that certain bases may have enhanced structural roles
depending on their location within the sequences.
Furthermore, the interaction features such as electrostatic en-

ergies, polar solvent energies, and RMSF highlight distinct sta-
bility and flexibility patterns at different base positions. Positions
7, 8, 9, and 10 on the TS may be crucial for effective target bind-
ing. In contrast, positions 21, 22, 23, and 24 located on PAM se-
quences may be more flexible regions. The difference of bases at
certain key locations can significantly affect the stability and flex-
ibility of the CRISPR-Cas12a complex. The stable binding of tar-
get (position 1–20) can improve the recognition accuracy between
Cas12a/crRNA and target DNA to reduce off-target effects.Mean-
while, PAM region (position 21–24) may structurally provide bet-
ter binding “scaffolding” or a more flexible structure, thereby im-
proving the adaptability of the Cas12a complex to different target
sequences.[19] This knowledge would be a groundwork for under-
standing differences of Cas12a trans-cleavage activity.
Moreover, the high R2 values of IntermediateNNmodel, partic-

ularly for hydrogen bonds and binding energies, suggested that
it could effectively reduce the time and computational resources
typically required for MD simulations. By combining molecu-
lar interaction features with base sequence features, the Activi-
tyNNmodel was effectively developed to predict the Cas12a trans-
cleavage activity. The great Cas12a trans-cleavage activity predic-
tion performance of ActivityNN model (R2 = 0.9455) demon-
strated its ability to screen suitable crRNAs on a wider range of
targets. More importantly, the permutation feature importance
(PFI) analysis of the ActivityNN model further provided an in-
depth analysis of base importance and molecular interactions re-
lated to the Cas12a trans-cleavage activity. The PFI analysis high-
lighted the critical roles of specific bases at both the target and
PAM sequences in affecting Cas12a trans-cleavage activity. No-
tably, the bases at positions 21, 22, 23 on the PAM sequence and
position 26, 27, 28 on the PAM complementary sequence were
found to have a greater impact on trans-cleavage activity than
those on the target sequence. This finding was similar to pre-
vious reports that the PAM sequence can affect the on-target cis-
cleavage activities.[16] These results indicated that Cas12a trans-
cleavage activity was closely related to its on-target cleavage ac-
tivity. In addition, the G and T bases showed significant contri-
butions through interactions like hydrogen bonding and electro-
static forces, especially in positions like 2, 7, 16, and 20 on the
target sequence, as well as 21–23 on the PAM sequence, that
provides key insights into designing optimal target and PAM se-
quences for enhanced the Cas12a trans-cleavage activity. Also,
the analysis of these key base-related amino acid residues may
serve as key residues for Cas12a protein modification engineer-
ing to improve enzyme activity, such as Thr148 and Thr149 at
position 21, Lys121 at position 22, Lys595 at position 23. As re-
ported in a recent study,[17] the side chain of Lys595 was less or-
dered and showed weaker interactions with the TCTA, TCCA,
and CCCA complexes than the TTTA complex. In this aspect, the
significantly low binding free energies between the complemen-
tary DNA bases (Base_21_T, Base_22_T, Base_23_T) and Lys595
showed a strong binding affinity, that may significantly influence
Cas12a trans-cleavage activity. Besides, the negative values of the
electrostatic energies indicated attractive interactions between

the amino acid and the complementary DNA bases. Thus, Lys601
has significant electrostatic attraction to these complementary
DNA bases (Base_20_C, Base_21_T, and Base_22_T), further re-
inforcing their binding affinity. Beyond the binding affinities,
these results indicated that the interactions were likely contribut-
ing significantly to the overall stability of theCas12a/crRNA-DNA
complex and may play an important role in affecting the trans-
cleavage activity and the specificity of the Cas12a enzyme. These
findings can aid in the refinement of crRNA sequences for more
efficient Cas12a-based nucleic acid detection systems.
Additionally, the established crRNA-DNA library including

more than 23 456 feature sequences highlighted the practical ap-
plication and effectiveness, that is freely available online, mak-
ing it a useful tool for researchers working in diagnostics. By
searching the library, the Cas12a trans-cleavage activity predic-
tion results of the corresponding viral or bacterial targets can be
obtained directly, that can help in the development of effective
CRISPR-based diagnostic and therapeutic systems for both viral
and bacterial infections.
Besides, in our current study, we developed the predic-

tion model based on LbCas12a, as it is one of the most
widely used Cas12a subtypes in CRISPR-based in vitro di-
agnostic assays.[4,5,6,26] Another reason for selecting LbCas12a
was its relatively low background signal compared to other
Cas12a subtypes. For instance, a recent study demonstrated that
when AsCas12a was used, all tested crRNAs exhibited higher
background fluorescence, whereas LbCas12a resulted in much
lower background signals, highlighting its superior suitability
for diagnostic applications.[20] As for other Cas12a subtypes,
the sequence homology and similarity were found in several
Cas12a subtypes, including LbCas12a, FnCas12a, AsCas12a, and
FtCas12a.[18] Specifically, the protein sequence identity and sim-
ilarity of LbCas12a:FnCas12a was 98%:96%, FnCas12a:AsCas12a
was 72%:84%, and FnCas12a:FtCas12a was 99%:100%. These
data suggested that different Cas12a subtypes may be function-
ally similar. We fully acknowledge that while different Cas12a
subtypes may show functional similarities, they could also
present functional differences. Therefore, we investigated the
performance of our model for other subtypes such as AsCas12a
and made relevant comparisons. Given the high structural sim-
ilarity of the two subtypes, the calculated molecular interaction
features (energies, hydrogen bonds, RMSF) of DNA for LbCas12a
and AsCas12a were highly correlated, with Pearson’s r ranging
from 0.76 to 0.89 (Figure S22). Based on this, the ActivityNN
model still showed acceptable prediction performance when in-
putting interaction features of DNA from AsCas12a. These find-
ings suggested that themodel, originally developed for LbCas12a,
retained its predictive power and provides valuable insights into
the potential of other Cas12a subtypes. Nonetheless, for fur-
ther improvement in the model’s prediction accuracy, additional
datasets related to trans-cleavage activity for other subtypes, such
as AsCas12a, will be necessary. This will enable more precise ad-
justments and refinements to the model, ensuring even broader
applicability across different Cas12a subtypes.
Lastly, although it is of great significance to investigate the ef-

fect of molecule interaction features on the Cas12a trans-cleavage
activity, only 100 ns MD simulations of the Cas12a/crRNA-DNA
complex were performed in this study. Future work may also
need to examine longer simulation times (us- level or even ms-
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level) to approximate the true Cas12a trans-cleavage state.[23,27] In
addition, the data size of this study was still limited, and more
datasets and advanced neural network models could be used for
training to further improve the accuracy of predictions.[13,30,31]

Finally, this study was mainly based on computer verification,
supplemented by experimental verification. Subsequent large-
scale experimental verification of crRNAs of bacteria, fungi, and
viruses in medical diagnosis, food safety, and environmental
monitoring will bolster the credibility of the results,[32,33] that
needs to be better applied in practice in the future.

4. Conclusion

This study presented a computational framework that enhanced
the prediction of Cas12a trans-cleavage activity by integrating
molecular dynamics simulations with neural network mod-
els. Our approach improved prediction accuracy by consider-
ing molecular interaction features, identifying key sequence el-
ements that influence Cas12a trans-cleavage activity. Validation
with reference targets from a crRNA-DNA library demonstrated
high predictive performance, offering a powerful tool for optimiz-
ing crRNA design and enhancing CRISPR/Cas12a applications
in rapid nucleic acid diagnostics.

5. Experimental Section
Construction of crRNA-DNA Dataset and Determination of Cas12a Trans-

Cleavage Activity: Various microorganisms were chosen as research
targets from food processing, food safety, and medical diagnostics,
such as L. acetotolerans, L. plantarum, P. kudriazevii, S. eriocheiris, white
spot syndrome virus, S. typhimurium, and SARS-CoV-2. First, 60 tar-
gets (Group 1) were randomly designed, including 20 PAM-included
(TTTN, N = A/T/C/G) crRNAs and 40 PAM-free crRNAs based on sev-
eral species-specific genes of these microorganisms. Moreover, as previ-
ously reported,[26] another 4 targets were also selected from spacers 4
and 5 of the Orf1ab gene, spacer 2 of Spike (S) gene of SARS-CoV-2 and
spacer 1 of the human papillomavirus type 18 (HPV18) L1 gene. Then, the
4 spacers were further point-mutated from TTTV (V = A/C/G) to VTTV,
TVTV, or TTVV to produce 120 targets (Group 2). Furthermore, an addi-
tional 1268 target sequences were selected from a recent study (Group
3).[13] These sequences were completely independent from the targets in
Group 1&2 and had a uniform distribution of Cas12a trans-cleavage ac-
tivity values. Consequently, a total of 1448 targets were obtained to con-
struct the crRNA-DNA dataset (Tables S1–S3, Supporting Information).
All oligonucleotide sequences were synthesized from Sangon Biotech Co.,
Ltd. (Shanghai, China), purified by HPLC, and quantified by a NanoDrop
One spectrophotometer (Thermo Fisher).

The Cas12a trans-cleavage activity of 60 targets (Group 1) and 4 tar-
gets (Group 2) was then determined. The 4 targets included Orf1ab
spacer 4 (PAM: GTTG), Orf1ab spacer 5 (PAM: CTTA), S gene spacer
2 (PAM: TTCA), and HPV18 L1 gene spacer 1 (PAM: TTAC). The assay
was conducted in reaction mixtures including 100 nm LbCas12a (Cat. No.
32108, Tolobio, Shanghai, China), 100 nm crRNA, 400 nm fluorophore and
quencher labeled single strand DNA (ssDNA-FQ) reporter, and 3.5 nm ds-
DNA targets. Then, as previously reported,[26] the Cas12a trans-cleavage
activity of these 4 targets (Group 2) were determined in another reaction
condition including 33 nm LbCas12a, 33 nm crRNA, 400 nm reporter (5’-
FAM-TTATT-BHQ1-3’) and 3.5 nm dsDNA targets. For targets in Group 3,
three target sequences with high, medium, and low Cas12a trans-cleavage
activity were synthesized and performed real-time fluorescence kinetic as-
says at two reaction conditions, including 1) 200 ng LbCas12a, 200 ng
crRNA, 400 nm reporter and 3.5 nm dsDNA targets, and 2) 100 nm Lb-
Cas12a, 100 nm crRNA, 400 nm reporter and 3.5 nm dsDNA targets. Sub-

sequently, the trans-cleavage activity of 1448 targets was acquired by nor-
malizing the data reported in the previous study.[13,26] The dsDNA tar-
gets were synthesized by annealing two complementary oligonucleotides
(Tables S2 and S3, Supporting Information). The trans-cleavage assays
were conducted in 1 × NEBuffer 2.1 buffer at 37 °C. The fluorescence sig-
nals were monitored through the Light Cycler 96 Instrument (Roche).

In this study, the ssDNA-FQ reporter could be trans-cleaved by
Cas12a/crRNA-dsDNA complex to release fluorescence signals over time
and the cleavage follows first-order kinetics, as previously reported:[4,12,34]

− kcat
KM

[E] [R] =
d [R]
dT

(1)

[R] = [R] 0e
− kcat

KM
[E]T (2)

where [R] represents the not-yet-cleaved reporter, [E] represents the con-
centration of the Cas12a/crRNA-dsDNA complex, kcat/KM represents the
catalytic activity of the Cas12a complex and T represents time. The fluores-
cence signals (F) are proportional to the concentration of cleaved reporters
at some time point:

F ∝ [R]0 − [R] (3)

For each Cas12a/crRNA-dsDNA complex, a curve of the form could be
fitted:

F = P
(
1 − e−kt

)
+N (4)

where P represents the peak value of fluorescence, and N represents the
background fluorescence. k is the Cas12a trans-cleavage activity. It is pro-
portional to the catalytic activity of the CRISPR complex:

k = kcat
KM

[E] (5)

Therefore, when the concentration ([E]) of Cas12a/crRNA was kept
constant, the Cas12a trans-cleavage activity could be simply defined as
follows:[5,35]

k = dF
dT

(6)

where F stands for relative fluorescence units (RFU), and T stands for re-
action time. To obtain the Cas12a trans-cleavage activity dataset, the in-
creased fluorescence signals from the initial 10 min were collected and
the corresponding k value of different crRNAs was calculated.

Molecular Dynamics Simulations and Molecular Interaction Features Cal-
culation: The crRNAs were used above to calculate the Cas12a/crRNA-
DNA interaction features. The original structure was from a high-
resolution crystal structure of the Cas12a/crRNA-DNA ternary complex
without PAM-distal dsDNA (PDB ID: 5XUS) (Figures S1 and S2, Support-
ing Information). The web 3DNA platform (http://web.x3dna.org/) was
used tomutate nucleic acid base to construct a total of 180 Cas12a/crRNA-
DNA complexes for MD simulations. The all-atom Cas12a/crRNA-DNA
structures were solvated in TIP3P explicit water, andNa+ andCl− ionswere
added to neutralize the reaction systems. The amber14sb_OL15 force field
was adopted for all structures. All MD simulations were performed with
the GROMACS 2023.2 package. The systems were prepared by energy
minimization, followed by 100 ps NVT and 100 ps NPT simulations with
the Cas12a/crRNA-DNA structures fixed. The production simulationswere
performed at 310 K for 100 ns. The simulation time step was set to 2 fs,
and the simulation trajectories were collected every 10 ps. Electrostatic in-
teractions were calculated using the PME algorithm, with a cutoff radius of
1.0 nm. The temperature coupling was calculated using a V-rescale, with a
coupling time of 0.1 ps. Lincs constraints were used to all bonds. The MD
simulations were performed using RTX 4090 (GPU) supported by the high-
performance cluster platform of the School of Biotechnology at Jiangnan
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University. The computational time for a single production run was about
22 hours, and the total computational time for all simulation systems was
about 11 880 h (180 systems × 3 replicates × 22 h).

Seven molecular interaction features were collected according to the
28 base locations from 180 Cas12a/crRNA-DNA complexes by MD sim-
ulations, including RMSF, hydrogen bonds, total binding free energies,
van der Waals force, polar solvent energies, non-polar solvent energies,
and electrostatic energies. A total of 196 (28×7) features were acquired.
The trajectories corresponding to 90–100 ns in the MD simulations were
chosen to calculate molecular interaction features of DNA in the CRISPR-
Cas12a system. Specifically, the GROMACS package was used to calcu-
late hydrogen bonds and root mean square deviation (RMSF). To calcu-
late the total binding free energies and free energy decompositions (van
der Waals force, polar solvent energies, non-polar solvent energies, and
electrostatic energies) of the Cas12a/crRNA-DNA structures, the Molec-
ular mechanics/Generalized-Born Surface Area (MM-GBSA) method of
gmx_MMPBSA program (a GROMACS tool based on AMBER’s binding
free energy calculation engine) was used for free energy calculation of
GROMACS files.

Modeling to Predict Molecular Interaction Features and Cas12a Trans-
Cleavage Activity: Seven molecular interaction features of DNA in the
CRISPR-Cas12a system were used above as prediction goals to construct
a deep learning neural network model (IntermediateNN). The Intermedi-
ateNN was trained by using 28-nt sequences including 20-nt specific se-
quences on the TS (5’–3’), 4-nt PAM sequence on the NTS (5’–3’), and
4-nt PAM complementary sequence on the TS (5’–3’). The 4-bit one-hot
encoding was used to encode each base (i.e., A, T, G, and C) of the 28-nt
sequences. Namely, the 4 types of bases were encoded as binary matrices
(‘A’: [1, 0, 0, 0], ‘T’: [0, 1, 0, 0], ‘G’: [0, 0, 1, 0], ‘G’: [0, 0, 0, 1]). The dataset in-
cluded 180 target sequences in Groups 1&2. The dataset was divided into
a training dataset (80%) and a test dataset (20%). The polynomial fea-
tures of bases (quadratic terms and product terms, a total of 6441 feature
terms) were calculated to improve data diversity. Multiple fully connected
layers and batch-normalized layers were adopted to train the model. The
dropout technology was used to prevent overfitting and nonlinearity was
introduced through the Rectified Linear Unit (ReLU) activation function.
The hyperparameters of the model were set, including hidden layer units
(910), dropout rate (0.3087), learning rate (0.000733), and batch size (30).
The normalized features and target variables were then converted to the
tensors of PyTorch. Moreover, early stops were also used to prevent over-
fitting during the training process.

The molecular interaction features from MD simulations were com-
bined with base features (one-hot encoding) to form a new dataset, aim-
ing to establish a model predicting the Cas12a trans-cleavage activity. The
dataset contained 225 features (including one GC-content feature, 28 base
features of 1448 target sequences in Group 1&2&3, and 196 molecular in-
teraction features) and was split into a training dataset (80%) and a test
dataset (20%). Fourmachine learningmodels (RF, SVR, GB, and XGBoost)
and one PyTorch deep learning neural network model (ActivityNN) were
established. The RF, SVR, GB, and XGBoost models were hyperparameter
optimized. For the RF model, it is an integrated algorithm based on mul-
tiple decision trees with good anti-overfitting ability. The hyperparameters
of RF included the number of trees n_estimators (100, 200, 300) and the
depth of the tree max_depth (0, 10, 20, 30). For the SVR model, it works
well when dealing with small datasets or high-dimensional data, different
kernel functions (‘linear,’ ‘poly,’ ‘rbf’) and penalty coefficients C (0.1, 1, 10)
were tested. For the GB model, it can efficiently capture complex nonlin-
ear relationships by integrating multiple weak learners. The hyperparam-
eters of GB included the number of trees n_estimators (100, 200, 300),
the learning rate (0.01, 0.1, 0.2), and the depth of the tree max_depth (3,
4, 5). For the XGBoost model, it could further improve training efficiency
by introducing regularization to control model complexity and support for
GPU acceleration. The hyperparameters of XGBoost mainly included the
n_estimators (100, 200, 300) and the depth of the treemax_depth (3, 4, 5).
For the ActivityNN model, the number of neurons in the hidden layer was
256. The hidden layer passed the input data to a high-dimensional space
through the fully connected layer (Linear layer). The nonlinearity was then
introduced by the ReLU activation function. The dropout layer was intro-

duced to reduce the overfitted of the ActivityNN model, and the dropout
rate was set to 0.3.

Feature Importance Analysis: The feature importance of the ActivityNN
model was calculated by the permutation feature importance (PFI) algo-
rithm to quantify the contribution of each feature to the model perfor-
mance. Permutation feature importance measures the contribution of a
feature by randomly shuffling the value of that feature and observing how
much the model’s performance degrades. Each feature was randomly re-
placed ten times to ensure the stability of the results. The order of base
importance for each positionwas calculated according to the base position
and base type, and established correlations between the seven molecular
interaction features to investigate the key sequence features affecting the
Cas12a trans-cleavage activity.

Experimental Evaluation of Developed Models: A crRNA-DNA library
was first constructed by targeting 436 representative dsDNA viruses
including Adenoviridae, Asfarviridae, Herpesvirales, Polyomaviridae, and
Poxviridae.[28] According to the length of feature sequences from 200
to 3500 bp, a total of 2526 sequences of Adenoviridae, 1866 sequences
of Asfarviridae, 8486 sequences of Herpesvirales, 752 sequences of Poly-
omaviridae, and 9826 sequences of Poxviridae were collected to acquired
23 456 feature sequences. Among them, 5 reference targets were selected
for experimental verification, including Human adenovirus, African swine
fever virus, Human alphaherpesvirus, Bat polyomavirus, and Murmansk
poxvirus (Table S3, Supporting Information). Besides, other ten refer-
ence specific targets were also contained in this library for experimental
verification, including Lactiplantibacillus plantarum, Pseudomonas aerugi-
nosa, Vibrio parahaemolyticus, Hepatitis B virus, Human cytomegalovirus,
Aeromonas hydrophila, Edwardsiella tarda, Shrimp hemocyte iridescent
virus, Phomopsis sp., and Botryosphaeria dothidea (Table S4, Supporting
Information).[36–40] To facilitate the use of developed models, the Inter-
mediateNN were combined with ActivityNN to construct the One-step
ActivityNNmodel, that is an end-to-end model starting from the input se-
quence features, then the molecular interaction features could be quickly
calculated and automatically combined with the sequence features to di-
rectly output the Cas12a trans-cleavage activity prediction value. For all
the targets in the library, the One-step ActivityNN model was used to pre-
dict the Cas12a trans-cleavage activity. The complete library was uploaded
to an online website and could be accessed at https://github.com/zhyao-
JNU/crRNA-DNA-library. Then, 15 crRNAs were randomly selected from
15 reference-specific targets, and synthesized their short dsDNA targets
(Table S5, Supporting Information) to perform fluorescence kinetic de-
tection and compared the true trans-cleavage activity with predicted ac-
tivity. The fluorescence kinetic detection was also conducted in 100 nm
LbCas12a, 100 nm crRNA, 400 nm reporter, and 3.5 nm dsDNA targets.
Besides, the AsCas12a (PDB ID: 5B43) was used to verify generalizabil-
ity of models above. The AsCas12a (Cat. No. 32104) was purchased from
Tolobio Co., Ltd. (Shanghai, China). The experimental details of MD sim-
ulations and fluorescence kinetic detection assays were the same as the
sections above.

Statistics Analysis: A total of 1448 targets were used to build and test
the ActivityNN model in this study and a random split of 1159 samples
for training, 289 samples for test. All algorithms were imported in Python.
Data was pre-processed according to the workflow described above.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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