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ARTICLE INFO ABSTRACT
Keywords: Breast cancer, the most commonly diagnosed disease worldwide, has been linked to the overexpression of the
Long short term memory (LSTM) kinesin Eg5 protein, a spindle motor protein crucial for the assembly and maintenance of the bipolar spindle

Mitotic kinesin Eg5

Molecular dynamics simulation
Message passing neural network
Transfer learning

during mitosis. This makes Eg5 an attractive therapeutic target for tumor treatment. To address the urgent need
for effective treatments for this life-threatening illness, we utilized generative Al to design novel and potential
inhibitors of this protein.

In this study, a generative LSTM model was pretrained on SMILES data from ChEMBL and subsequently fine-
tuned using SMILES of compounds with reported activity against the Eg5 protein. The fine-tuned model
generated valid compounds, which were screened using a machine learning model, drug-likeness filters, mo-
lecular docking, and molecular dynamics (MD) simulations conducted over 200 ns.

Five novel compounds with better binding affinities to Eg5 compared to the co-crystallized ligand were
identified. The top compound, Compound 103 (a bioisostere of the co-crystallized ligand), demonstrated a
significantly improved binding free energy (—82.68 kcal/mol) compared to the co-crystallized ligand (—76.98
kcal/mol), as determined by MM-GBSA calculations. ADMET predictions and MD simulations further confirmed
that the top compounds interacted effectively with the target protein and exhibited drug-like properties.

This study shows the potential of generative Al to explore our vast chemical space and find promising drug
candidates. However, further in vitro and in vivo studies are needed to confirm the predicted biological effects of
the top compounds.
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1. Introduction

Breast cancer still ranks among the most common and lethal cancer
type globally with over 2.3 million cases reported annually and nearly
685,000 mortalities [1]. Despite significant advancements in both
detecting the disease in its early stages and therapeutic interventions,
the prognosis for patients diagnosed with aggressive and
therapeutic-resistant form of breast cancer remains a problem of medical
practice globally, hence necessitating the need to develop a novel and
effective therapeutic agent. The kinesin spindle protein Eg5, a molecular
motor essential for the proper segregation of chromosomes during
mitosis, has recently received much attention as a potential anti-cancer
drug candidate [2]. Inhibiting Eg5 disrupts mitotic spindle formation,
resulting to mitotic arrest and subsequent apoptosis of cancer cells,
especially in the rapidly proliferating tumors such as breast cancer [2].
Targeting Eg5 with bioactive molecules holds promise as viable propo-
sition and an effective therapeutic strategy against breast cancer.
However, discovering potent, selective and bioactive inhibitor for Eg5
remains an intricate and resource intensive endeavor.

Traditional drug discovery often involves high-throughput screening
of chemical libraries to identify potential molecules that can act as drug
candidates. However, this process is often costly, time-consuming, and
limited by the chemical diversity of the molecule’s libraries available [3,
4]. Machine learning, particularly deep learning, offers an innovative
alternative approach by generating novel chemical structures, exploring
a wider chemical space and predicting their bioactivity in-silico, thereby
reducing the dependency on extensive wet lab experiments. The emer-
gence of long short-term memory (LSTM), recurrent neural networks
(RNNs) and transfer learning techniques has enabled rapid generation
and evaluation of drug-like molecules, potentially expediting the dis-
covery of valuable therapeutic drug candidates. LSTM recurrent neural
networks have the capacity to process and generate sequential data,
which makes them well-suited for handling molecular representation
like simplified molecular input line entry system (SMILES) strings [5].
SMILES notations encode molecules as sequences of characters repre-
senting atoms, bonds and molecular structures, hence enabling RNNs
with a structured language to learn and manipulate [6]. Therefore, by
training the model on large datasets of existing drug-like molecules,
generative Al models can learn the “grammar” and rules governing the
chemical composition, enabling them to generate novel SMILES strings
that could possibly represent plausible molecular structure.

In this study, an LSTM-based transfer learning approach was
employed to leverage knowledge from ChEMBL dataset (https://www.
ebi.ac.uk/chembl/), a comprehensive bioactivity database curated and
maintained by the European Bioinformatic Institute (EBI) [7]. The
database is designed to keep bioactivity data on small molecules with
drug-like features, focusing on the relationship between chemical
compounds, molecular targets, and the biological system they interact
with [7]. By initially training the LSTM model with ChEMBL database,
the model was able to learn the correct structure of SMILES sequences
then further training the model using compounds with activity toward
Mitotic Kinesin Eg5, made it possible for the model to generate com-
pounds specific for our target protein, a process known as transfer
learning or fine tuning. These generated molecules were further
screened based on their physicochemical properties, and their binding
affinities, employing advanced techniques and molecular dynamic
simulations.

2. Materials and method
2.1. Data collection and preprocessing

1,576,904 compounds were collected from the ChEMBL database, a
manually curated database of bioactive molecules with drug-like prop-

erties. This data was imported and preprocessed using the Pandas and
RDKit libraries in Python. First, salt components were removed from the
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compounds using the ’SaltRemover’ function of RDKit. Then, the mol-
ecules were standardized using the RDKit MolStandardize module.
Finally, very large and very small molecules were filtered out by
selecting only those with SMILES lengths between 34 and 74 characters.

2.2. Long short term memory (LSTM)

A Recurrent Neural Network (RNN) is a type of feedforward neural
network designed to process sequential data, such as text and SMILES
[8]. It contains feedback loops in its recurrent layers, allowing it to
maintain information in "memory" over time. However, RNNs face a
significant issue known as the vanishing gradient problem, where the
gradient of the loss function decays exponentially with time. This causes
the loss to become so minimal that it has little to no effect on the net-
work’s learning. Long Short-Term Memory (LSTM) networks, an
improved type of RNN, introduce a memory cell along with input and
forget gates, which help to address the gradient problems and enable the
network to learn longer-term dependencies [9] (Fig. 1). We trained an
LSTM model using the preprocessed SMILES data from ChEMBL.

2.3. Training the LSTM model

In this study, we trained a character-level LSTM. To begin, we
created a dictionary to map characters to integers, which was then used
to encode the preprocessed SMILES strings into numbers, as neural
networks only understand numerical input. Our neural network con-
sisted of an embedding layer, followed by a single-layer LSTM network,
and a fully connected output layer. The embedding layer mapped input
sequences of size 31 to an embedding space with 256 dimensions. The
LSTM layer had 512 hidden units, and the network had approximately 2
million trainable parameters. Input sequences were processed in batches
of 64. After the LSTM layer, a fully connected (dense) layer with 31
output features was used, and the output was transformed into proba-
bilities using a Softmax layer during sampling. The network was trained
using backpropagation through time, with the ADAM optimizer using a
learning rate of 0.001 and cross-entropy loss function. The PyTorch li-
brary was used to implement the model. During training, the model’s
accuracy was tested on the validation dataset for 5000 epochs. This
model “the prior model” was then sampled to generate 1,000,000
characters.

2.4. FineTuning the model

After the initial training, we confirmed that the "prior model" could
generate valid SMILES (i.e., compounds). However, to generate mole-
cules specific to a particular target, it was necessary to update the "prior
model" weights through retraining.

To achieve this, the FASTA sequence of the target protein, Mitotic
Kinesin Eg5 (PDB ID - 3KEN), was blasted against the ChEMBL database
to obtain a list of compounds known to be active against Eg5. The data
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Fig. 1. An LSTM cell.
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was then cleaned, duplicates were removed, and it was preprocessed as
before. This processed data was used to update the weights of the "prior
model" by retraining it for 2000 epochs using a reduced learning rate of
0.0005 to help prevent overfitting. This smaller step size helps prevent
drastic updates to the pretrained weights and facilitates smoother
adaptation to the Eg5 data. Afterward, the model was sampled to
generate 1,000,000 characters. Both the smiles generated by the "prior
model" and the "fine-tuned model" were evaluated for validity, novelty,
and uniqueness after sampling [10].

Validity evaluates whether the generated SMILES strings are correct,
as determined by RDKit’s MolFromSmiles function.

Novelty assesses whether the generated molecules are new by
checking if the SMILES strings are absent from the training dataset.

Uniqueness ensures that the novel molecules are distinct by
checking for duplicates among them.

The unique SMILES (n = 3906) were then saved in a.CSV file for
further study.

To evaluate the performance of the generative models, the Hamil-
tonian diversity value was measured [11].

2.5. Chemical space analysis

We generated Morgan fingerprints for the compounds produced by
the prior model and the fine-tuned model, using a radius of 2 and 2048-
bit fingerprint vectors. The RDKit molecular representations were ob-
tained using RDKit in Python. Subsequently, we performed t-Distributed
Stochastic Neighbor Embedding (t-SNE) clustering analysis using scikit-
learn in Python, reducing the data points from 2048 dimensions to 2
dimensions [12]. Default parameters provided by scikit-learn were used
for the t-SNE analysis [13]. The chemical space was visualized through
histograms and scatter plots created using the Plotly library.

2.6. Virtual screening by machine learning model

Using ChemProp, a directed message-passing neural network model
that learns to predict molecular properties directly from the graph
structure of molecules—where atoms are represented as nodes and
bonds as edges—we created a classification model based on the list of
Eg5 inhibitors from ChEMBL [14]. Compounds with pIC50 values less
than 6.5 were classified as 0, while those with values higher than 6.5
were classified as 1. This dataset was divided into training, test, and
validation sets in an 8:1:1 ratio. The model was then used to predict the
activity of the unique SMILES generated from the fine-tuned model. The
molecules (n = 1328) predicted to be active (value = 1) were converted
to a.CSV file. This model was also evaluated with an external validation
list of SMILES and classification metrics, accuracy, precision, recall, F1
score and Specificity.

Correct classifications TP + TN
Accuracy = - - =
Total classifications TP+ TN + FP + FN
Recall — Correctly classified actual positives TP
B all actual positives " TP+FN
.. Correctly classified actual positives TP
Precision = - — — =
everything classified as positives TP + FP
Specificity — Correctly classified actual negatives TN

everything classified as negatives =~ TN + FP

F1 score=2* (PI‘GC}S%OH—"RCGEIH)
(Precision +- Recall)

2.7. Virtual screening by PAINs

PAINs, or Pan Assay Interference Compounds, are small molecules
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that can lead to false positives in drug discovery tests [15]. They inter-
fere with various biological assays and often produce non-specific or
misleading activity that appears to be genuine pharmacological effects.
In this study, we filtered the compounds predicted to be active by using
an external list of PAINSs to reduce the list of compounds to 963 [16].

2.8. Structure based screening

The target protein, Human Eg5 in complex with S-trityl-L-cysteine
(STLC) (PDB ID: 3KEN), was downloaded in PDB format from the Pro-
tein Data Bank (PDB) and imported into Maestro software for protein
preparation. During this process, water molecules were removed, and
the protein was minimized and optimized. The active site of the protein
was then mapped based on the position of the co-crystallized ligand
(STLC) using the grid generation module [17]. The list of active com-
pounds (n = 963) identified from the virtual screening using PAINS was
converted into.SDF format using DataWarrior software and subse-
quently imported into Maestro, where it was prepared using the LigPrep
module. Molecular docking was carried out in a stepwise approach.
First, Standard Precision (SP) docking was used to quickly screen the
large number of compounds (n = 963) and identify those with favorable
binding scores. Compounds that scored better than —8.0 kcal/mol in SP
docking were then redocked using Extra Precision (XP) mode, which
uses more advanced scoring functions and thorough sampling to
improve accuracy. This docking methodology was validated by calcu-
lating the RMSD (Root Mean Square Deviation) of the co-crystallized
ligand (STLC) between its initial position and the re-docked position.
Additionally, the correlation between docking scores and the experi-
mental values (pIC50) of the compounds was assessed. The
co-crystallized ligand (STLC) was used as the reference ligand for this
study. Later in this study, this docking protocol was later validated by
superposing the co-crystallized redocked to its native position and also
by correlating the experimental values of sampled molecules reported to
have an activity towards Eg5 and the XP docking score (see Supple-
mentary Fig. 2 and Supplementary Fig. 3).

2.9. Estimation of binding energy

The XP docking results showed a correlation between good poses and
good scores for the docked complexes. However, to assess the potential
biological response of these complexes, the free binding energy was
calculated using molecular mechanics generalized born surface area
(MM-GBSA) with the Prime module of Maestro. The top five ranked
compounds including the standard drug were selected for this analysis.
The results of this analysis would give information on the stability of the
complex and help to determine if the association between the ligands
and the target protein is strong enough to elicit a potential biological
response [18]. The free binding energy was calculated with:

AGbind — GcomplexX _ (Gprotein + GLigand)
2.10. ADMET prediction

The top five compounds as well as the co-crystallized ligand (the
standard), were analyzed for their ADMET properties using the
ADMETIab (https://admetlab3.scbdd.com/). and SwissADME (http:
//www.swissadme.ch/) web servers.

2.11. Molecular dynamics simulation

The top compounds based on their docking scores with the co-
crystalized ligand were subjected to a 200 ns molecular dynamics
(MD) simulation using the Desmond tool of the Schrodinger. The
simulation was carried out with an explicit solvent system, and to
maintain neutrality, Na+, and Cl-were added at 300°K and 1.01325 bar.
An orthorhombic box with a 10 x 10 x 10 A buffer and 0.15 M salt was
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used to prepare the model for the physiological environment, with the
transferable intermolecular potential-4 point (TIP4P) force field. After
the MD simulation, the trajectories were analyzed for RMSF, RMSD, and
protein-ligand contacts using the interaction diagram module of the
Desmond-Schrodinger suite.

3. Results and discussion

Breast cancer is the most prevalent malignancy among women and a
leading cause of cancer-related mortality worldwide. To address this
challenge, various studies have utilized various drug discovery ap-
proaches, including virtual screening of large chemical databases and
advanced drug design techniques. The human kinesin Eg5, a spindle
motor protein, plays a crucial role in the assembly and maintenance of
the bipolar spindle during mitosis [19]. Its essential function in cell cycle
progression has made it an attractive therapeutic target for halting
tumor growth by disrupting mitosis.

In recent years, advancements in deep learning, particularly long
short-term memory (LSTM) recurrent neural networks (RNN), trans-
formers, and state-space models (SSM), have shaped various domains of
artificial intelligence, including natural language processing, time-series
prediction, and drug discovery [20]. These architectures have demon-
strated remarkable success in modeling sequential data (e.g SMILES),
capturing temporal dependencies, and learning complex patterns that
were previously unattainable with traditional machine learning
approaches.

In this study, we leverage one of these techniques to design novel
inhibitors for kinesin Eg5, A character-level long short-term memory
(LSTM) model was initially trained on the SMILES representations of
over 1.8 million compounds sourced from the ChEMBL database. This
model was subsequently fine-tuned using compounds known to exhibit
activity against mitotic kinesin Eg5. The fine-tuned model generated
novel molecules, which were subjected to a rigorous screening pipeline.
First, a classification model, built using message passing neural net-
works (MPNN) implemented via ChemProp, was employed to predict
the activity of the generated compounds. Next, Pan Assay Interference
Compounds (PAINS) filters were applied to eliminate potential off-target
molecules. Finally, structure-based screening methods were utilized to
identify promising candidates with strong potential as novel inhibitors
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of kinesin Eg5.

3.1. Long short term memory (LSTM) model

A prior model was trained with the objective of enabling the model to
understand the correct sequence of SMILES strings required to form
valid chemical compounds. This model underwent training for 5000
epochs, during which a notable reduction in error was observed, as
shown in Fig. 2. To evaluate the model’s generative capabilities, it was
used to generate 1 million characters which was equivalent to 18,557
SMILES strings. Of these, 9404 (50.68 %) were valid SMILES strings.

Further analysis revealed 15 duplicate entries, resulting in a high
uniqueness of 96.92 %. This left 9009 (48.55 %) SMILES strings classi-
fied as novel molecules. Following this, the model was fine-tuned on a
dataset of molecules with known inhibitory activity against Eg5. The
same evaluation metrics were applied to assess the fine-tuned model’s
performance. Upon generating another 1 million characters, this trans-
lated to 21,142 SMILES strings, among which 13,915 (65.82 %) were
valid. However, 1011 duplicate entries were identified, significantly
reducing the uniqueness metric to 35.34 % (Table 1). This resulted in
3906 novel molecules.

The fine-tuning process led to a marked improvement in the number
of generated and valid SMILES strings, which can be attributed to the
additional training on Eg5-specific molecules. This improvement is also
reflected in the more pronounced descent observed in the loss curve
across epochs (Fig. 3). However, the high number of duplicates

Table 1
Metrics of the generative models.

Metric Prior Model Fine Tuned Model
Total Samples Generated 1,000,000 1,000,000

Total Generated SMILES 18557 21142

Valid SMILES 9404 13,915

Unique Generated SMILES 9114 4917

Validity (%) 50.68 65.82

Uniqueness (%) 96.92 35.34

Novelty (%) 48.5 18.5

Duplicates Found 15 1011

Novel Valid SMILES 9009 3906

Training and Validation Loss over Epochs

3.5 1

3.0

2.5

2.01

Loss

1.5

1.0 1

0.5 1

—— Training Loss
—— Validation Loss

Epoch

Fig. 2. Training and Validation Loss over 5000 epochs for the Prior model.
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Training and Validation Loss during Fine-Tuning

1.4

1.2 4

1.0 1

0.8

Loss

0.6

0.4 7

0.2 1

— Training Loss
— Validation Loss

T T T
0 250 500 750

T T T T T
1000 1250 1500 1750 2000

Epoch

Fig. 3. Training and Validation Loss over 2000 epochs for the fine tuned model.

generated by the fine-tuned model highlights a potential overfitting
issue. Additionally, this outcome may be influenced by the choice of the
scale factor (1.0) or temperature parameter, which controls the
randomness of the generated SMILES characters. A lower scale factor
corresponds to a higher temperature, leading to greater randomness in
the outputs, whereas a higher scale factor reduces randomness, making
the generation more deterministic [21].

3.2. Chemical space visualization

The novel molecules generated by both the prior and fine-tuned
models were visualized using a t-SNE plot. The plot revealed a clear
separation between the random molecules generated by the prior model
and the potential inhibitors produced by the fine-tuned model (Fig. 4).
When the novel molecules from the fine-tuned model were compared to

t-SNE of Molecular Fingerprints of molecules generated using the Prior Model and Finetuned Model
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® Finetuned
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Fig. 4. t-SNE plot of the molecules from the prior and finetuned model.
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known Eg5 inhibitors, there was significant overlap, indicating struc-
tural similarity (Fig. 5). This overlap shows the potential of these newly
generated compounds as prospective Eg5 inhibitors.

Further analysis was performed using grouped bar charts to compare
selected 1D-descriptors of the molecules generated by the two models.
The fine-tuned model produced molecules with key characteristics such
as having within 3-4 hydrogen bond acceptors, a higher number of
rings, and more aromatic rings compared to the molecules generated by
the prior model (Fig. 6). Scatter plots comparing various 1D-descriptors
and medicinal chemistry parameters further highlighted the advantages
of the fine-tuned model. The molecules it generated exhibited a better
distribution of QED (Quantitative Estimate of Drug-likeness) values,
suggesting an improved drug-likeness profile. Additionally, a negative
correlation was observed between QED and molecular weight (MW),
which aligns with the general observation that smaller molecules often
have higher QED scores. The analysis also revealed a reduced TPSA
(Topological Polar Surface Area) for molecules from the fine-tuned
model, a parameter linked to better membrane permeability. Further-
more, the synthetic accessibility (SAS) scores of these molecules were
concentrated between 3 and 4, indicating moderate ease of synthesis
(Fig. 7). The fine-tuned model generated novel compounds with
improved properties, making them promising Eg5 inhibitor candidates.

3.3. Scaffold diversity and novelty

We analyzed the scaffolds of the generated novel molecules,
comparing them to existing Eg5 inhibitors and identifying newly
generated scaffolds. Four of the top ten scaffolds were shared between
the generated molecules and Eg5 inhibitors (Fig. 8). Additionally, new
scaffolds were identified, though some appeared overly complex and
potentially challenging to synthesize, this has also been noticed in
another study too [10].

Also using the Hamiltonian diversity, we measured the diversity of
the generative models (Prior and Fine Tuned). Hamiltonian diversity
(HamDiv) is a novel metric that measures molecular diversity by
calculating the length of the shortest Hamiltonian circuit in a complete
graph [11]°. In this graph, each node represents a molecule, and the
weight of each edge is the distance between a pair of molecules.
Hamiltonian diversity is a more comprehensive and principled approach
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to measuring molecular diversity compared to existing metrics. It ad-
dresses the limitations of metrics like Richness and IntDiv by considering
both the quantity and dissimilarity of molecules and adhering to the
principles of monotonicity and dissimilarity. In this study, we employed
the greedy approach to calculate HamDiv due to the number of mole-
cules (>1000) generated by both models. With a HamDiv value of
5081.98 for the prior model (n = 9009 molecules) indicates the mo-
lecular set that is more diverse than that of the fine-tuned model, which
has a HamDiv value of 1632.49 (n = 3906 molecules). This means that
the molecules generated by the prior model are either more dissimilar to
one another or more numerous, resulting in a broader exploration of the
chemical space compared to the fine-tuned model. This outcome is ex-
pected, as the prior model was trained on general ChEMBL molecules,
while the fine-tuned model was further trained specifically on Eg5
inhibitors.

3.4. Machine learning model

Using ChemProp, a message-passing neural network that represents
molecules as graphs with atoms as nodes and bonds as edges, we
developed a classification model to predict the bioactivity of compounds
against Eg5 [14]. The model was evaluated using standard classification
metrics such as accuracy, precision, recall, F1 score, specificity, and
ROC-AUC, along with confusion matrices (Fig. 9 and Table 2) to assess
its prediction performance. As shown in Table 2, the model achieved
consistent accuracy on the training (0.85), test (0.83), and validation
(0.80) sets. This indicates that the model generalizes well to new data.
Precision, which tells us how many of the predicted active compounds
were actually correct, remained steady on the training and test sets
(0.83) but dropped to 0.72 on the validation set. This suggests a slight
increase in false positives on unseen data. In contrast, recall, which
measures how well the model identifies actual active compounds,
remained high across datasets. It was 87 percent for training, 78 percent
for test, and 85 percent for validation. This is important in virtual
screening because missing potential actives (false negatives) can be
more risky than identifying some inactive compounds as active. The F1
scores, which combine both precision and recall, ranged from 0.78 to
0.85, showing balanced performance. Specificity, which reflects the
model’s ability to correctly classify inactive compounds, ranged from

t-SNE of Molecular Fingerprints of molecules generated using Finetuned Model and Eg5 Inhibitors from ChembL
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Fig. 5. t-SNE plot of the molecules from the finetuned model and current Eg5 inhibitors.
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Fig. 6. Comparison of the molecules generated via the prior and finetuned model by selected 1D-descriptors.

0.77 to 0.86. This helps reduce the number of false positives. In addition,
the ROC curves showed strong overall performance, with area under the
curve (AUC) values exceeding 0.89 for all datasets. A high AUC means
the model is effective at distinguishing between active and inactive
compounds, confirming its robustness and reliability for virtual
screening.

The model was then applied to filter 3906 novel molecules generated
from the fine-tuned model, classifying them into 2578 inactives and
1328 actives. To validate its performance, the model was tested on an
external dataset of known inhibitors and decoys. It accurately identified
most of the inhibitors, although it struggled with certain natural prod-
ucts reported to inhibit Eg5, such as Terpendole E, Gossypol, and
Adociasulfate-2. The model also performed well with the decoys, with
the exception of Metformin, a known antidiabetic agent (see

Supplementary Fig. 1).

3.5. Virtual screening to filter pan-assay interference compounds (PAINs)

The goal of drug discovery is to identify a ligand that binds specif-
ically to a target protein (on-target) while avoiding interactions with
unintended protein targets (off-target). Achieving selectivity is crucial to
minimize side effects and improve therapeutic efficacy. However,
certain compounds or substructures, known as PAINS (Pan-Assay
Interference Compounds), have been reported to interfere with assay
results, leading to false-positive or misleading biological activity across
unrelated targets and testing methods [22]. PAINS compounds can
exhibit promiscuous behavior due to various mechanisms, including
chemical aggregation, chelation, singlet oxygen production,
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Fig. 7. Correlation of selected descriptors of the molecules generated via the prior and fine tuned model.

fluorescence effects, redox activity, and nonselective reactivity with
proteins [23]. To address these issues, we filtered the predicted active
compounds in this study to exclude those containing PAINS. This
reduced the number of compounds to 963. By doing so, we increased the
likelihood that the potential hits have true on-target activity, mini-
mizing the chances of assay interference or off-target effects. We also
highlighted the structures and names of the PAINs in some of the com-
pounds we filtered (Fig. 10).

3.6. Molecular docking and MMGBSA

Molecular docking is a technique that is used to screen for com-
pounds that can bind to a target protein and can therefore be used as a
medication. The binding affinity of compounds to a target protein
evaluates the stability of that compound when it is bound to the protein,
the higher the binding affinity the more chances of success for the
compound as a drug. The 963 already PAINS-filtered compounds were
docked to the target protein in a precision based flow, initially docked
using the SP scoring function and finally XP scoring function which we
reported with. The SP (Standard Precision) scoring function in Glide is

designed for fast and accurate screening of large compound libraries,
making it suitable for docking tens to hundreds of thousands of ligands
efficiently [24]. It uses a softer scoring approach to identify promising
ligands quickly, even when the predicted binding poses have minor
imperfections. While the XP (Extra Precision) scoring function is
intended for smaller ligand libraries and offers higher accuracy. It uses
more thorough sampling and an advanced scoring method that considers
detailed molecular interactions such as water displacement, hydrogen
bonding, desolvation, entropic effects, and metal-ligand interactions
[25]. This helps to better separate active compounds from inactive ones
and reduce false positives.

The top compounds had XP docking scores which range from
—8.332 kcal/mol to —8.839 kcal/mol, all higher than the XP docking
score of the co-crystallized ligand, —8.323 kcal/mol (Fig. 11; Table 3).
Compound 103 had a docking score of —8.839 kcal/mol, by forming
hydrogen bonds with GLU 116 and GLY 117. It forms hydrophobic in-
teractions with ALA 133, ALA 218, ALA 219, GLY 217, ILE 136, LEU
160, LEU 214, PRO 137, TRP 127 and TYR 211. Compound 69 had a
docking score of —8.827 kcal/mol, by forming hydrogen bonds with
GLU 116 and GLY 117. It made hydrophobic contacts with ALA 133,
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Fig. 9. Confusion matrices and ROC curve plots for the train, test, and validation sets.

ALA 218, GLY 217, ILE 136, LEU 160, LEU 171, LEU 172, LEU 214, PHE Compound 177 had a docking score of —8.374 kcal/mol, by forming
239, PRO 137, TRP 127, and TYR 211. Compound 888 had a docking hydrogen bonds with GLU 116 and GLY 117. It forms hydrophobic
score of —8.44 kcal/mol, by forming hydrogen bonds with GLY 117. It bonds ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU 171, LEU
forms hydrophobic bonds with ALA 133, ALA 218, GLY 217, ILE 136, 214, PHE 239, PRO 137, TRP 127, and TYR 211. Compound 797 had a
LEU 160, LEU 171, LEU 214, PHE 239, PRO 137, TRP 127, and TYR 211. docking score of —8.368 kcal/mol, by forming hydrogen bonds with
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Table 2
Classification metrics of the machine learning model.
Dataset Accuracy Precision Recall F1 Score Specificity
Train 0.85 0.83 0.87 0.85 0.83
Test 0.83 0.83 0.78 0.81 0.86
Val 0.8 0.72 0.85 0.78 0.77

GLU 116 and GLY 117. It forms hydrophobic bonds ALA 133, ALA 218,
GLY 217, ILE 136, LEU 160, LEU 214, PHE 239, PRO 137, TRP 127, and
TYR 211 (Fig. 12). As a reference, the co-crystallized ligand had a
docking score of —8.323 kcal/mol,It formed hydrogen bonds with GLU
116 and GLY 117 and hydrophobic interactions with many of the same
residues as the generated compounds, including ALA 133, GLY 217, and
LEU 214. The generated compounds demonstrated stronger binding
affinity due to little differences in chemical structure, which likely
enhanced the interaction made.

The Molecular Mechanics Generalized Born Surface Area (MM-
GBSA) method is a widely used and reliable way to calculate binding
free energy [26]. It is more accurate than most traditional scoring
methods [27]. In this study, the top ligands showed strong binding, with
free energy values lower than —56.8, which indicates good binding
strength. Among them, Compound 103 stood out as the best, with a
binding free energy of —82.68. This is better than the co-crystallized
ligand (STLC), which had a binding free energy of —76.98. The stron-
ger binding energy of Compound 103 suggests it has a better fit and
stronger interactions with the receptor. Compound 103 stood out with
the strongest binding affinity (XP docking score: 8.839 kcal/mol) and
the most favorable predicted binding free energy (MM-GBSA: 82.68
kcal/mol), outperforming the reference ligand, STLC (—8.323 kcal/mol
and —76.98 kcal/mol, respectively). While several top compounds
exhibited better docking scores than the reference, only Compound 103
also surpassed it in MM-GBSA binding energy. This superior binding
profile, combined with its hydrogen bonding interactions provides a
clear and quantitative basis for its selection as the lead compound in this
study.

3.7. Drug-likeness and ADMET prediction

The key physicochemical properties and drug-likeness of the top
compounds were evaluated, with the results summarized in the table
below. The analysis revealed that the molecular weights of the top
compounds, including the co-crystallized ligand, range from 354.14 to
431.19 g/mol—well within the standard acceptable limit of less than
500 g/mol. Lipophilicity, which measures a compound’s ability to
dissolve in lipids or non-polar solvents, plays a crucial role in drug ab-
sorption. Drugs with optimal lipophilicity can effectively cross the lipid-
rich cell membranes of the gastrointestinal tract (GIT), enhancing oral
absorption [28,29]. According to widely accepted criteria such as Lip-
inski’s Rule of Five, a lipophilicity range (log P) of 0-5 is considered
optimal for drug-likeness [30-32]. The co-crystallized ligand (STLC)
exhibits a log P value of 2.91, while the consensus log P values of the top
compounds fall within a range of 2.80-4.05. These optimal lipophilicity
values suggest that the compounds are likely to be efficiently absorbed
from the GIT into the systemic circulation, enabling them to exert their
therapeutic effects effectively (see Supplementary Table 1).

The solubility patterns of the compounds were analyzed using
various classification methods. According to the Log S (ESOL) classifi-
cation, all compounds were soluble, except for Compound 69, which was
moderately soluble. A similar trend was observed with the Ali solubility
classification, where Compound 69 and Compound 103 were catego-
rized as moderately soluble. The predicted lipophilicity of the com-
pounds supports their potential for good oral absorption, as previously
noted. All the compounds, including the co-crystallized ligand,
demonstrated high gastrointestinal tract (GIT) absorption. Regarding
blood-brain barrier (BBB) permeability, only Compounds 888 and 177
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showed the ability to cross the BBB, indicating a lower likelihood of
central nervous system (CNS) toxicity and side effects for the other
compounds. Furthermore, most compounds, including Compounds 69,
103,177,797, and the reference ligand, were identified as substrates for
permeability glycoprotein (P-gp). P-gp, a key efflux transporter, moves
its substrates from intracellular to extracellular spaces, such as the GIT
lumen, thereby reducing their potential toxicity. These findings provide
valuable insights into the pharmacokinetic behavior of the drug candi-
dates, guiding further pharmacological evaluations and potential ther-
apeutic applications [28,33,34].

Understanding how compounds interact with the cytochrome P450
(CYP) enzyme system is vital for predicting the pharmacokinetics of
potential drugs, as these enzymes play a central role in the metabolism
and elimination of medications [35]. Inhibition of CYP isoforms can lead
to poor drug clearance and drug-induced toxicity, making it essential for
potential drug candidates to exhibit minimal inhibitory activity against
these enzymes [32]. In this study, compounds 69 and 797 inhibited only
one of the five tested CYP isoforms, while the other compounds inhibited
no more than three of the five isoforms. This suggests that these com-
pounds are likely to be efficiently metabolized by liver enzymes,
enabling their effective removal from the body. Additionally, all com-
pounds adhered to Lipinski’s Rule of Five, demonstrating favorable
drug-like properties, with consistent bioavailability values of 0.55. To
further assess the suitability of these compounds, PAINS (Pan-Assay
Interference Compounds) and BRENK alert analyses were conducted,
even though initial filtering had already removed PAINS-positive com-
pounds. PAINS alerts are used to identify molecular substructures that
may produce false-positive results in biological assays, while BRENK
alerts detect structural features linked to potential toxicity or metabolic
instability [35]. Notably, none of the compounds exhibited PAINS or
BRENK alerts, indicating a reduced likelihood of false positives, toxicity,
or metabolic instability. These findings show the potential of the com-
pounds in this study to serve as potential safe and metabolically stable
drug candidates. Toxicity prediction of each compound showed that
none is predicted to be hematotoxic or carcinogenic. The co-ligand and
Compound 103 are predicted to be toxic on the liver. In contrast,
moderate hepatotoxicity was predicted for Compounds 69 and 797,
while Compounds 888 and 177 were predicted to cause no drug-induced
liver injury (DILI).

The QED (Quantitative Estimate of Drug-likeness) value evaluates
the drug-likeness of a compound based on eight drug-related properties.
For our top compounds, all except Compound 103 have QED values
greater than 0.5. Compound 177 and Compound 888 have QED values of
0.829 and 0.917, respectively, approaching the ideal threshold of 1. In
addition, none of the compounds have a synthetic accessibility score
exceeding 3.597, indicating that they are relatively easy to synthesize
[36]. To further demonstrate the feasibility of synthesizing these com-
pounds, we predicted the synthetic route for Compound 103, the
top-ranked compound, using the ASKCOS webserver [37]. Supplemen-
tary Fig. 6 shows a three-step synthetic route for Compound 103. The
analysis indicates that all starting materials are commercially available,
and each has a history of use as both reactants and products in previous
syntheses, thereby supporting the synthetic tractability of this
compound.

3.8. Molecular dynamics (MD) simulations

In this study, we ran MD simulations on the top compounds,
including the co-crystallized ligand, throughout 200 ns (ns). This was
carried out to examine the essential functions, underlying principles,
and molecular mechanisms of action of the target protein and protein-
ligand complexes by examining their conformational dynamics [38].
In addition to evaluating the stability and flexibility of the
receptor-ligand complexes, this will allow us to determine how well the
best-performing ligands bind to the Eg5 protein binding site. We used
the Root Mean Square Deviations (RMSD), Root Mean Square
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Table 3

Molecular docking, MMGBSA scores and interacting amino acid residues of the top five compounds and co-crystallized ligand.

Title Docking score MMGBSA dG Hydrogen Hydrophobic Interactions Other Interactions
(kcal/mol) Bind bond
103 —8.839 —82.68 GLU 116, ALA 133, ALA 218, ALA 219, GLY 217, ILE 136, LEU ARG 119, ARG 221, ASP 130, GLU 118,
GLU 117 160, LEU 214, PRO 137, TRP 127, TYR 211 GLU 215, THR 112, THR 222
69 —8.827 —67.35 ARG 221, ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU ARG 119, ASP 130, GLU 116, GLU 118,
GLY 117 171, LEU 172, LEU 214, PHE 239, PRO 137, TRP 127, GLU 215, THR 112
TYR 211
888 —8.440 —65.29 GLY 117 ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU ARG 119, ARG 221, ASP 130, GLU 116,
171, LEU 214, PHE 239, PRO 137, TRP 127, TYR 211 GLU 118, GLU 215, GLY 134, THR 112
177 —8.374 —56.80 GLU 116, ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU ARG 119, ARG 221, ASP 130, GLU 118,
GLY 117 171, LEU 214, PHE 239, PRO 137, TRP 127, TYR 211 GLU 215, THR 112
797 —8.368 —75.74 GLU 116, ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU ARG 119, ARG 221, ASP 130, GLU 118,
GLY 117 214, PHE 239, PRO 137, TRP 127, TYR 211 GLU 215, THR 112
Co-Crystallized Ligand —8.323 —76.98 ARG 221, ALA 133, ALA 218, GLY 217, ILE 136, LEU 160, LEU ARG 119, ASP 130, GLU 116, GLU 118,
(S-trityl-L-cysteine) GLY 117 214, PHE 239, PRO 137, TRP 127, TYR 211 GLU 215, THR 112

Fluctuation (RMSF), and protein-ligand interactions to evaluate the
trajectory of the MD simulations.

3.8.1. Root Mean Square Deviation (RMSD)

RMSD is the mean variation in the displacement of a group of atoms
with respect to a reference frame. It is used to measure the scalar dis-
tance for the protein and ligand throughout the trajectory of the simu-
lation [39]. Following the alignment of each protein’s frame on the
reference frame backbone, the RMSD is computed using the side chains
or C alpha [40]. Monitoring the protein’s RMSD throughout the simu-
lation can reveal information about the structural conformations. It can
show if the simulation is equilibrated and whether its fluctuations are
within a certain range of thermal averages. Changes of 1-3 A are quite
acceptable for very small, globular proteins. However, larger alterations
than 3 A indicate that the protein undergoes a substantial conforma-
tional change throughout the simulation [36].

The RSMD of the Eg5 protein is shown on the left y-axes of Fig. 13,
which displays the RSMD plots. First, the backbone of the reference
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frame was used to align all protein frames, and the RMSD was calculated
based on the atom selection [41]. The ligand’s relative stability in
relation to the protein and its binding is shown by the ligand’s RSMD on
the right y-axis. The "Lig fit Prot" displays the ligand’s RMSD after the
protein-ligand complex was first aligned at the reference’s protein
backbone, and the ligand-heavy atoms” RSMD was then measured. The
x-axis shows the overall duration for the simulation in nanoseconds, the
stability period, and the fluctuation period.

As illustrated, the RMSD of the protein for compound 103 increased
from 1.2 A to approximately 2.2 A within the first 20 ns; this suggests
that the protein remains close to the initial conformation
(Supplementary Fig. 4). From 20 ns to 50 ns, protein RMSD fluctuates
and increases until a noticeable peak is seen at 2.8 A. After 50 ns, the
RMSD stabilizes around 2.8 A; this stabilization continued till the period
of 180 ns, after which the RMSD increased to 3.2 A and stabilized
throughout the remaining period of the simulation. The RMSD values
fall within the acceptable range, i.e., from 1.2 A to 3.2 A throughout the
period of 200ns, with more stabilization phase observed at 2.8 A
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Fig. 12. 2D interacting plots of docking between (A) Compound 103; (B). Compound 69 (C). Compound 888 (D). Compound 177 (E). Compound 797 (F). Co-crystallized

ligand (S-trityl-L-cysteine) with residues at the binding pocket of EG5.

between 50ns and 180ns. This suggests that the protein reaches a rela-
tively stable conformation with occasional fluctuations. The ligand
RMSD (Compound 103) ranges from 1.0 A to 3.0 A with sharp fluctua-
tions, suggesting unstable binding.

As shown in Supplementary Fig. 4, the RMSD of the protein for
compound 69 here was an initial significant deviation from the protein’s
backbone or Ca atoms for the first 75ns. After 75ns, a stable equilibra-
tion was observed from 3.5 A to 4.0 A throughout the remaining period
of the simulation. This suggests an initial increasing conformational
change of the protein, which eventually remains stabilized over time.
However, the ligand RMSD (compound 69) showed a high fluctuation
starting from 0.5 A and continuously oscillated, reaching a peak at 3.0 A
around 125ns. After this, the RMSD decreases and stabilizes around 1.5
A from 150 ns onwards. The ligand RMSD shows a more pronounced
fluctuation, which suggests the ligand does not stay bound to the
protein.

Fig. 13 shows a minimal fluctuation between 1.2 A and 2.1 A for the
RMSD of the protein for compound 888. However, a sharp peak was
observed at 2.7 A around 175ns. After the initial fluctuation, which
halted around 20ns, the oscillation stabilized until a sharp peak was
observed. Since the conformational changes observed fall within the
range of 1-3 A, which is acceptable, this suggests the protein RSD is
undergoing a minimal conformational change throughout the simula-
tion [42]. The ligand RSMD showed large fluctuations; however, it had
minimal deviation, which indicates that the ligand stays unfitted into
the protein binding site.

As illustrated in Supplementary Fig. 4, the RMSD of the protein for
compound 177 increased initially from 1.6A to 3.2A for the first 50ns.
However, a sharp peak was seen at 3.6A, stabilizing at 3.2A at around
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100ns until the simulation was completed. This suggests a minimal
fluctuation and deviation from the throughout the protein’s backbone.
This minimal deviation also indicates minimal conformational change
throughout the simulation. The ligand RSMD showed increased fluctu-
ation at first, around 75ns, but remained stable at equilibrium
throughout the simulation. Also, its minimal fluctuation shows a stable
binding ability with the binding site of the protein.

The RMSD of the protein for compound 797, which increased slightly
from 1.2A to 2.4A around 20ns; however remained stable for an
extended period, the protein RSMD remained stable around 2.0 A to
2.4A from 50ns to 140ns until a sharp peak was noticeable after 140ns
around 3.2A; the RSMD deviated minimally and remained very stable
till the end of the simulation (Supplementary Fig. 4). The results of
protein RSMD showed minimal fluctuation, which indicates good pro-
tein stability and reduced conformational change. The ligand RSMD
suggested strong binding; this is due to its relatively constant values
between 0.8 A and 1.8 A (Fig. 13). Compound 797 demonstrated highly
stable binding, showing potential for effective interaction with the
protein binding site. Regarding the co-crystalized ligand, the protein
RMSD initially increased from around 1.6A to approximately 2.4A
within the first 25 ns; another further increase was observed at 2.8A,
indicating significant conformational changes. This is then followed by a
stable oscillation from 30ns throughout the entire simulation, suggest-
ing a low fluctuation and high stability. The ligand’s RMSD increases
from around 1.2 A to approximately 2.4 A, suggesting early binding.
However, the ligand remains stable with minimal fluctuations, indi-
cating a consistent binding within the protein’s binding site.
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Fig. 13. Root Mean Square Deviation (RMSD) plot.

3.8.2. Root Mean Square Fluctuation (RMSF)

The RMSF is employed as a means to describe the variations in
flexibility across residues in relation to the average MD simulation
conformation [43]. There is a correlation between RMSF values and the
degree of flexibility; the greater the value, the more flexible [44]. Higher

values (peaks) indicated the presence of secondary structures like
alpha-helices, beta-sheets, and -helices, which indicated structure sta-
bility. In comparison, lower values showed the presence of twists, loose
bonding loops, terminal ends, and loose bonding, indicating structural
flexibility [40]. The RMSF of a protein plotted against the atom index is

Compound 103

Compound 69

Compound 188

Compound 177

Compound 797

Co-ligand (S-trityl-L-cysteine)

1

50

200 250

Residue Index

Fig. 14. Root Mean Square Fluctuation (RMSF) plot.
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shown in Fig. 14(a—f). The protein’s atom index is shown on the X-axis.
Every number in the protein sequence represents a distinct atom. The
RMSF values in Angstroms (A), a unit of length frequently used to
quantify atomic-scale distances, are displayed on the Y axis. The fluc-
tuating RMSF values across different atom indices indicate varying de-
grees of flexibility.

Fig. 14 shows the plot of compound 103 with significant peaks in
residue indices around 40 and 250. These significant peaks suggest that
the ligand could adapt to the protein’s binding pocket because they
show areas involved in binding or unbinding processes [45]. The peaks
show relatively high RMSF values, with residue 40 at approximately 4.6
A and residue 250 at approximately 5.4 A, indicating highly flexible
regions, likely in a loop or unstructured part of the protein. However,
most of the residues show a moderate level of flexibility with RMSF
values ranging from 1.2 to 2.4 A, which suggests minimal deviation in
the positions of these residues when bound with Compound 103. The
protein in complex with compound 69 exhibited a very high flexible
region at residue index 25 with its protein RMSF value above 6.4 A.
While this particular region may indicate less stability, the majority of
the peaks observed show a moderate level of flexibility with RMSF
values ranging from 1.6A to 4.8 A, which suggests moderate stability. On
the other hand, the protein in complex with compound 888 showed a
significant peak around 4.5 A at residue index 270, which is slightly
lower compared to significant peaks observed in plots of compound 103
and 69. This suggests that the decreased flexibility compared to com-
pounds 103 and 69 might indicate better binding stability or reduced
structural dynamics in the presence of compound 888 (Fig. 14).

Fig. 14 also illustrates the interaction of the protein in complex with
compound 177, which shows a highly flexible region with an RMSF
value of 4.8 A for residue 50. However, other peaks were observed
around indices 25, 150, and 250. Additionally, there were more mod-
erate flexible regions at residue 30, 60, 100, 130, 200, and 300. The
presence of more moderate flexible regions indicates relatively stable
interaction within this region of the protein-ligand complex. The fluc-
tuation ranges from 0.6 to 4.8 A, suggesting a balance between protein
flexibility and stability, with moderate flexibility near key functional
regions. Moreover, the plot of the protein-ligand complex of compound

Computers in Biology and Medicine 195 (2025) 110672

797 shows a sharp peak at 50 with RMSF values surpassing 5.4 A. This
highly flexible region is similarly observed in the plot of compound 69,
which indicates less stability in the protein structure. The fluctuation
ranges from 0.6 to >5.4 A; a high peak at residue 50 might indicate
interaction-induced flexibility, which could influence the binding of
compound 797 with the target protein. The plot of the co-crystallized
ligand showed a similar pattern with compound 797 with a high peak
at residue 50; this suggests that the co-crystallized ligand has similar
binding compatibility with compound 797. Additionally, the flexibility
at 50 and 270 indicates these regions might be significant for ligand
binding or structural dynamics.

3.9. Protein-ligand contacts

Protein-ligand contacts highlight the interactions between specific
amino acid residues and ligands, revealing interactions that help stabi-
lize the ligand within the protein’s binding pocket. Fig. 9 shows the
amino acid interactions of the Eg5 target protein with the top-ranked
compounds (A-E) and the co-crystallized ligand (Compound F). The
observed interactions include various types, such as water bridges, ionic
bonds, hydrogen bonds, and hydrophobic interactions.

The histogram in Fig. 15A shows the active site amino acids (pri-
marily GLU-116, GLY-117, GLU-118, and ARG-221) forming hydrogen
bonds with Compound 103. In the initial docked pose of Compound 69,
hydrogen bonds with residues THR-112, GLY-117, GLU-118, and ARG-
221 were significant but shifted to include hydrophobic bonds and
water bridges during the simulation. For the Eg5-Compound 888 com-
plex, hydrogen bonding interactions with GLY-117 and GLU-118 were
less prominent, persisting for less than 30 % of the simulation time. In
contrast, for Compounds 177 and 797, key residues such as GLU-116,
GLY-117, GLU-118, and ARG-221 were observed to interact in both
complexes, though the duration of contacts varied. Notably, Compound
797 maintained interactions for more than 30 % of the simulation time,
indicating stronger and more sustained binding.

There are three different kinds of hydrophobic contacts, including p-
cation, pi-pi, and additional non-specific interactions. These interactions
take place between an aromatic or aliphatic group on the ligand and a
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Fig. 15. Protein-ligands contacts monitored throughout 200 ns simulation run time of Eg5 complex with the lead compounds: (A) Compound 103; (B). Compound 69
(C). Compound 888 (D). Compound 177 (E). Compound 797 (F). Co-crystallized ligand.
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hydrophobic amino acid [46]. Hydrophobic interactions were also
observed with residues ARG-119, TRP-117, ALA-133, ILE-136,
PRO-137, TYR-111, LEU-214, ALA-218, ALA-219, and ARG-221 in
Eg5-Compound 888 complex. The plot for Eg5-Compound 888 complex
demonstrate dominant hydrophobic interactions amongst other com-
plexes; the prevalence of these interactions suggest that compound 888
is anchored in non-polar regions of the binding site. The ligand’s
persistent binding in the protein’s hydrophobic pockets is facilitated by
these interactions, which frequently result in higher binding affinities
based on frequency. Water bridged interactions were also observed with
key amino acid residues such as THR 112, GLU 116, GLY 117, GLU 118,
and ARG 119 (See Supplementary Fig. 7). Water bridges provide the
interaction network flexibility, enabling the ligand to change its shape.
The histogram in Fig. 15 demonstrates strong ionic interactions in
compound 888 and 797; this is likely due to charged functional groups in
the ligands. Certain subplots such as compounds 103, 69 and 177 have
little to no ionic interactions, which suggests that they are dependent on
particular residues or circumstances.

4. Conclusion

In this study, we identified new and promising inhibitors of Mitotic
Kinesin Eg5 using an LSTM network to support breast cancer treatment.
The top compound, Compound 103, is a bioisostere of the co-crystallized
ligand, a known Eg5 inhibitor, and showed good predicted binding af-
finity and free energy. However while LSTMs are useful, they have some
limitations, especially with the development of newer methods like
Transformers and state-space models (SSM). In future work, we plan to
use these advanced methods, including the updated xLSTM framework,
to explore chemical space further and discover even better molecules.
We also acknowledge the limitation of this study, as it is fully compu-
tational. We propose further in vitro and in vivo experiments to help
validate the biological relevance of the top compounds identified.
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