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Abstract

Artificial intelligence-based molecular property prediction plays a key role in molecular design such as bioactive molecules and
functional materials. In this study, we propose a self-supervised pretraining deep learning (DL) framework, called functional group
bidirectional encoder representations from transformers (FG-BERT), pertained based on ~1.45 million unlabeled drug-like molecules, to
learn meaningful representation of molecules from function groups. The pretrained FG-BERT framework can be fine-tuned to predict
molecular properties. Compared to state-of-the-art (SOTA) machine learning and DL methods, we demonstrate the high performance
of FG-BERT in evaluating molecular properties in tasks involving physical chemistry, biophysics and physiology across 44 benchmark
datasets. In addition, FG-BERT utilizes attention mechanisms to focus on FG features that are critical to the target properties, thereby
providing excellent interpretability for downstream training tasks. Collectively, FG-BERT does not require any artificially crafted features
as input and has excellent interpretability, providing an out-of-the-box framework for developing SOTA models for a variety of molecule
(especially for drug) discovery tasks.
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INTRODUCTION

characterization is an important problem to be solved in

Accurate prediction of molecular properties is of great signif-
icance of functional molecule design and discovery, especially
for drug molecule discovery, as it can be used in the early stage
of drug discovery process to quickly identify active molecules
with ideal properties and/or filter out unsuitable molecules [1].
Typically, molecular representation is the basis of molecular
property prediction; therefore, how to obtain effective molecular

the field of molecular property prediction. Current molecular
representations can be divided into five categories: molecular
descriptors, fingerprints, graphs, molecular strings and molecular
images. Based on these predefined molecular representations,
practitioners can build quantitative structure-activity/property
relationship (QSAR/QSPR) models with machine learning (ML)
and deep learning (DL) for the prediction of molecular properties.
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In general, the accuracy of traditional ML-based QSAR/QSPR
models depends heavily on how appropriate molecular repre-
sentation is selected [2]. That is, traditional ML methods require
chemists to manually develop a set of rules that encode the
relevant structural information, pharmacophore characteristics
and/or physicochemical properties of molecules into fixed-length
vectors [3], such as commonly used molecular fingerprints and
descriptors. However, the design and selection process is time-
consuming and error-prone, making the scalability and versa-
tility of molecular descriptors poor, which in turn leads to cer-
tain shortcomings in the field of molecular property prediction
of descriptor-based ML models. DL-based models for predicting
molecular properties differ from the traditional ML-based models
in that they do not require the manual selection of the most
important descriptors related to task attributes from a large
number of predefined and computable molecular descriptors [4].
Currently, DL-based models can be usually constructed by using
molecular graphs [5], SMILES sequences [6, 7] and molecular
images [8] as input features. Among them, graph neural networks
(GNNs) models have become a research hotspot in the field of
molecular property prediction, because molecules are natural
graph structures. Many supervised graph-based DL models [9-14]
have been developed in recent years and showed considerable
performance for molecular property tasks. However, the accuracy
of such supervised GNN model depends on the size of the data vol-
ume and even performs worse than the descriptor/fingerprints-
based traditional ML models on small datasets [15]. In addi-
tion, GNN is prone to the problem of oversmoothing, and the
number of layers of the model is usually in the range of 24,
which also limits the ability of the model to extract molecular
features [6].

Very recently, pretraining models have been proposed to solve
the above problems. They can learn useful molecular represen-
tations from a large amount of unlabeled data by setting cer-
tain pretraining strategies, such as contrast learning [16] and
masked language learning [17], and then transfer the knowledge
to downstream tasks for molecular property prediction. Some
pretrained models have been developed and achieved compet-
itive performance in the field of molecular property prediction
[6, 18-21], compared with traditional supervised ML and DL mod-
els. Specifically, they pretrained the model by building their own
pretraining tasks and then fine-tuning the model for molecular
property prediction. For example, K-BERT can extract chemi-
cal information from SMILES like a chemist by utilizing three
pretraining tasks based on atomic feature prediction, molecu-
lar feature prediction and comparative learning [6]. Mole-BERT
employs an encoder of the VQ-VAE variant as a context-aware
disambiguator to encode atoms into meaningful discrete values,
expanding the atomic vocabulary and mitigating the significant
quantitative divergence between atoms and rare atoms [21]. It
predicts atomic discrete values by randomly masking them and
pretraining the GNN to predict them. For graph-level pretraining,
Mole-BERT [21] proposes Ternary Mask Comparison Learning to
model heterogeneous semantic similarities between molecules,
which is particularly effective for molecular retrieval and can
match or exceed state-of-the-art (SOTA) methods in a fully data-
driven manner. However, existing pretrained models do not pay
attention to important functional group (FG) information in the
molecular structure. As we all know, the structure of a molecule
determines its various properties, and the structure of FGs within
the molecule, as important components of the molecule, is often
closely related to the properties of the molecule [22-25].

In this study, we developed a new masked chemical language
pretraining framework (named functional group bidirectional

encoder representations from transformers (FG-BERT), Figure 1)
for learning chemical semantic and structural information
from a large-scale unlabeled molecular corpus. FG-BERT has
two important improvements: (1) it masks FGs in molecules to
perform large-scale pretrained recovery predictions with high
accuracy; (2) it utilizes a self-supervised pretraining learning
framework to learn useful molecular representations from ~1.45
million drug-like molecules with diverse biological activities.
Compared with SOTA ML and DL methods, extensive experi-
mental results demonstrate that FG-BERT is highly accurate in
a variety of molecular properties prediction tasks on multiple
benchmark datasets. In addition, FG-BERT can automatically
learn to focus on FGs related to the target properties through
attention mechanisms (AMs), providing valuable clues for further
molecular analysis, design and optimization.

MATERIALS AND METHODS

Molecular corpus and benchmark datasets
collection

The initial unlabeled molecular dataset (~2.13 million molecules)
was collected from ChEMBL (Version 30) [26], and then filtered
through the three principles of drug-like properties (Figure 1C):
molecular weight <500, ClogP <5 and number of hydrogen bond
donors <5. Eventually, a molecular corpus with ~1.45 million
molecules was obtained, and then was randomly split into train-
ing set and test set with a ratio of 9:1 for performing large-
scale masking-recovery predictions during the pretraining pro-
cess. For the fine-tuning process, we extensively evaluated the
performance of the FG-BERT pretrained framework using three
benchmark datasets. First, 15 commonly used public datasets
(Table S1) relevant to drug discovery were collected and used
to evaluate the performance of FG-BERT, including four physical
chemistry datasets (ESOL, FreeSolv, Lipo and CEP) [27-30], two
bioactivity and biophysical datasets (HIV, Malaria, MUV and BACE)
[31-34], two quantum chemistry datasets (QM7 and QM8) [35] and
four physiology and toxicity datasets (BBBP, Tox21, SIDER, ToxCast
and ClinTox) [35-39]. Second, we also tested the performance of
FG-BERT using 15 ADMET (Absorption, Distribution, Metabolism,
Excretion and Toxicity) datasets [6] (Table S2). Finally, 14 breast
cell line phenotype screening datasets [40] (Table S3) were used to
evaluate the predictive power of FG-BERT.

FG-BERT framework

FG-BERT is designed on the basis of the BERT model [41], which
has two pretraining tasks, the masked language model (MLM) and
the next sentence prediction task. In NLP, sentences are sequen-
tial, while molecular graphs differ from text in that the FGs and
atoms in molecules are related through interconnected chemical
bonds rather than a sequential order; therefore, FG-BERT does
not require additional information about the binary values of
FGs and atoms. In natural language processing, each word may
be related to other words, so it is necessary to pay attention to
all of them. However, in molecular graphs, atoms and FGs are
primarily related to adjacent atoms or FGs connected by chemical
bonds. Therefore, unlike BERT, we mainly focus on the localization
connected by chemical bonds, so the information interaction
between atoms and FGs is only through chemical bonds. Notably,
FG-BERT can overcome the problem of oversmoothing due to
the reconnection mechanism in BERT and has sufficient power
to extract deep patterns in the molecular graph. As shown in
Figure 1A, we use the adjacency matrix of molecules to control
the information exchange of molecules. We add a GLOBAL node
that exchanges information with all atomic and FG connections,
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Figure 1. Schematic of the FG-BERT. (A) The FG-BERT framework and the corresponding pretraining and fine-tuning processes. (B) Hyperparameters of
the FG-BERT pretraining model. (C) Molecular corpus screening process. (D) FGs masking process. FG, functional group.
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the output of which can be considered as the final molecular
representations for solving downstream classification or regres-
sion tasks [18]. Since the GLOBAL node is connected to all the
nodes, it also takes into account the long distance dependency
problem to some extent. Unlike BERT, our pretraining task directly
masks language modeling i.e. masking FGs predictions, and then
learns the chemical information in molecules and extracts the
molecular representations to fine-tune the downstream tasks.

The FG-BERT framework consists of three parts: an embed-
ding layer, a transformer layer and a pretraining/prediction head
(Figure 1A). For each molecule fed into the model, we add a super
node connected to all FGs and atoms and convert the SMILES-
formatted molecule into molecular graph according to the chem-
ical bond relationships.

At the embedding level, the atomic list w = (a1, d»,as, ..., an) is
embedded into the distribution space x = (X1,X2,X3,...,Xn), Xi €
Rimesel through an embedding matrix D € RV*%moce, where V is the
size of the vocabulary and dmoger is the embedding size defined in
Figure 1B. After the molecules pass through the embedding layer,
an embedding vector is obtained, which is then transferred to the
transformer layer. In the transformer layer, each node uses the
AMs to aggregate information from neighboring nodes, and the
message delivery process for a single node is described below

9i = Woxi 1)
]Qi = WkXi (2)
Ui = WUXi (3)

dot (qi, k)) .
= e (@)

d
esii

a;; = softmax (s;j) = m (5)
m; = ZJENKQI'J'UJ' . (6)

x; is the representation of input node 1,Wy, Wy, Wy, is the learnable
matrix shared by all nodes, Wy, Wi, W, € R%*dmosel dy = dpoger/H,
H is the number of heads of the model, as defined in Figure 1B,
and N; denotes all the neighbors of node i.

We employ a multiheaded AM, where the above processes are
executed H times independently, and then the results are stitched
together and passed into a linear transformation according to

1

M; = Woconcat (m}, m? ..., m¥) ?)

Wo € Rimodaxdmodel ig glso the learnable matrix shared by all
nodes.

To solve the oversmoothing problem in ordinary GNN, we use
the same residual connectivity and layer normalization mecha-
nism as transformer according to the following equation:

h; = layernorm (x; + M;) . 8)

To enhance the expressiveness of the model, we pass the out-
put h; of the multi-headed attention sublayer to the feedforward
sublayer, and we also use feed-forward network (FFN) sublayer

connectivity and layer normalization mechanisms according to

FFN (hy) = W, gelu ( W1h; +by) + by ©9)

o; = layernorm ( FFN () + h;) (10)

where W, € Rhidden <dmodel W) g Rmodet xdnidden dlys440,, €quals FEN size
defined in Figure 1B, and gelu denotes the activation function,
called the Gaussian error linear unit.

The transformer layer in FG-BERT is executed multiple times,
as determined by the parameters layers in Figure 1B. The pre-
training head is different from the prediction head, but they both
consist of two layers of FFN, using cross entropy as the loss
function for the classification tasks and root mean square error
(RMSE) as the loss function for the regression tasks. The activation
function used for the pretrained model is GELU, and the activation
function used for the downstream classification and regression
tasks is LeakyReLU. Ultimately, the total number of parameters in
the FG-BERT model is about 3.2 million.

Input molecular representations of FG-BERT

To conveniently represent atoms and FGs in molecular graph, we
construct an atom dictionary based on the frequencies of various
atoms appearing in the pretrained molecular corpus. Statistics on
the pretrained dataset used by FG-BERT show that there are 14
types of atoms that occur more than 1000 times, represented by
their respective element symbols, while other atoms occur less
than 1000 times, which we collectively refer to as [UNK] to repre-
sent them. In addition, to facilitate the subsequent downstream
tasks, we added a super node to the molecular graph, denoted
by [GLOBAL]. We use [MASK] to denote masked FGs (Figure 1D).
Since a FG is usually composed of multiple atoms, when a FG
is masked, there are usually multiple atoms that are [MASK].
We therefore construct a randomly selected list of FGs and use
this list to identify the FGs that need to be masked, while the
unselected FGs remain untouched. Thus, the dictionary includes
the following tokens: [H], [C], [N], [O], [S], [F], [Cl], [Br], [P], [1], [Na],
[B], [Se], [Si], [UNK], [MASK] and [GLOBAL]. In the present study,
FGs are generated using RDKit software (http://www.rdkit.org/).

Pretraining strategy

The proposed pretraining strategy used in this study is very
similar to BERT. First, we iterate over all molecules based on a
predefined list of FGs (Figure 2), so that we can get a list of FGs cor-
responding to each molecule in the molecular corpus. Like BERT,
we then randomly choose 15% of the FGs in a molecule for mask-
ing. Unlike BERT, the operation of FG substitution is abandoned
because FG substitution of molecules may cause many noncon-
forming chemical rules to occur, so we have a 90% probability
of being masked in the 15% of selected FGs. During pretraining,
our loss is only calculated at the masked FGs, and the other 10%
probability of remains unchanged.

Training protocol, hyperparameter optimization
and evaluation
Pretraining stage

During the pretraining phase, each molecule in SMILES format
is first converted into a two-dimensional (2D) undirected graph
using RDKit software, and an additional super node is then added
to each molecular graph. According to the FG-BERT pretraining
strategy, FGs are masked randomly and finally the molecular
graph is passed into the FG-BERT model to predict the masked
FGs. For molecules with only a few FGs, we mask at least one
FG. Meanwhile, we do not touch molecules that do not contain
FG, although there are few such molecules in molecular corpus.
Our model is trained on the batch gradient descent algorithm
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Figure 2. (A) Number of FGs statistics. (B) The FGs list. The detailed statistics on the number of FGs in the pretrained corpus and FGs list can be visualized
at https://github.com/idrugLab/FG-BERT/tree/main/FGs. FGs, functional groups.

and the Adam optimizer [42]. The learning rate of the pretrained
model is set to 107%, and the batch size is set to 16. To evaluate
the performance of FG-BERT pretraining, the pretraining masking
strategy is employed to mask the molecules in the test set, and
the recovery rate is then computed as an evaluation metric. The
cross-entropy loss function is used to calculate the loss of FGs. FG
usually consists of multiple atoms, so FG can only be fully restored
to correctness i.e. if all atoms are correctly predicted, the loss is
minimized and zero. If the masked FG is only partially recovered
correctly, a loss will be incurred. The model minimizes the loss
through multiple rounds of training and parameter updates so
that the model performs prediction task more accurately. We
therefore use the sum of cross-entropy losses of multiple atoms
as a loss measure for FGs masking recovery pretraining.

Fine-tuning stage

In the fine-tuning phase, we remove the pretrained model from
its pretrained head and add a two-layer fully connected neural
network on the Transformer encoder corresponding to the super
node, called the prediction head. The dropout strategy [43] is
used to avoid overfitting, and since the dropout has a large
impact on the specific downstream task, different dropout values
are therefore chosen according to different downstream tasks.
According to the previous results of MG-BERT model [18], we

also set such dropout values in the range of [0, 0.5] to make the
optimal selection. In addition, the Adam optimizer is used as a
fine-tuning optimizer for each task with a limited hyperparameter
scan as follows: batch size: {8, 16, 32, 48, 64}, learning rate: [In
(3e-5), In (15e-5)] and the number of head: is {4, 8}. The detailed
hyperparameters for each downstream task are listed in Table S4.

To compare fairly with existing methods, we therefore chose
the same data, data splitting method and ration, as well as
evaluation metrics. For example, all three benchmark datasets
are split into training, validation and testing sets with an 8:1:1
ratio. The Hyperopt-Python package [44] is employed to perform
Bayesian optimization of hyperparameters that include the num-
ber of multihead concerns, the dropout rate, the batch size and
the learning rate. The results of the validation set are used to
determine the hyperparameters of the final model to improve the
generalization ability, and the final performance of the FG-BERT
model is represented by the results of the test set. In addition, FG-
BERT uses early stopping to avoid overfitting during training, with
the tolerance value set to 30 and the maximum epoch set to 200.

The RMSE and the area under the receiver operating character-
istic curve (ROC-AUC) were selected as final evaluation metrics
for downstream fine-tuned classification and regression tasks,
respectively. In addition, to reduce random errors and to ensure
the reliability of the results, we evaluated FG-BERT models based
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on 10 different random seeds for each dataset and computed the
average and standard deviate of evaluation metrics to represent
the final result. FG-BERT DL framework was developed by the
Tensorflow software, and all FG-BERT pretraining and fine-tuning
are trained on SCUTGrid (SCUT Supercomputing Platform) GPU
[NVIDIA Corporation GV100GL (Tesla V100 PCle 32 GB)] and CPU
[Intel(R) Xeon(R) Silver 4216 CPU@2.10 GHz] for training.

RESULTS AND DISCUSSION

The statistics and masking of FGs in FG-BERT
model

It is well known that the properties of molecules are closely
related to their structures, and FGs are important substructures
in molecules. The presence of various FGs is a distinctive feature
of molecular compounds [45]. We counted the number of FGs
in the molecular corpus dataset (1 456 893 molecules) used for
pretraining. As shown in Figure 2A, a large number of FGs are
widely present in drug-like small molecules, suggesting that FGs
play a crucial role in the properties of small molecule drugs.

Currently, our list of predefined FGs includes 47 common FGs
(Figure 2B). The reason why this list is smaller than the 85 FGs
shown in Figure 2A is that when counting the number of FGs, FGs
attached to benzene rings and aliphatic chains are considered as
separate FGs in the RDKit software. For example, a carboxyl group
attached to a benzene ring and a methyl group are considered
to be two different FGs. However, during the pretraining process
of FG-BERT, we treat them as a unique FG, so our predefined
list of FGs contains only 47 FGs instead of 85 FGs. In addition,
considering the widespread presence of ring structures in small
molecule drugs, these ring structures may be important sub-
structures/fragments that affect the properties of drug molecules.
Therefore, the ring structures are also considered as special FGs
in this study, and subjected to perform the same masking and
recovery pretraining operations as the other FGs (Figure 1D).

Similar to BERT and MG-BERT [18, 41], 15% of FGs in a molecule
are randomly selected for masking, and the detailed masking
process is shown in Figure 1D. Based on this, our FG-BERT focuses
on the information of FGs in molecules, learns useful semantic
and structural information in molecules by masking recovery
of FGs for pretraining, and then extracts molecular representa-
tions to finally perform prediction of downstream tasks. After
20 epochs of pretraining, the FG-BERT model can recover FGs
with an accuracy of 98.70%, demonstrating the effectiveness of
masking FGs to construct chemical language pretraining model.
After the pretraining, the obtained weights can be then used for
downstream classification and regression tasks.

Performance of the FG-BERT on the public
benchmark datasets

We utilized 15 benchmark datasets related to drug discovery
[20, 35], including eight classification tasks and seven regression
tasks (Table S1), to evaluate the predictive ability of the FG-BERT
pretrained model. Seventeen pretraining DL methods (Table 1)
were collected from Xia et al. and used as baselines [21]. We strictly
follow the data splitting strategy of Mole-BERT for fairly compar-
ison. For example, we use scaffold splitting and use 10 different
random seeds (0-9) for classification tasks and 3 different random
seeds (1-3) for regression tasks to split the datasets into training,
validation and test sets in an 8:1:1 ratio. The average and standard
deviation of ROC-AUC or RMSE for each dataset were calculated
as the final results of FG-BERT. Detailed performance results are
summarized in Tables 1 and 2.

For classification tasks, FG-BERT performed best in five out
of eight datasets (Table 1), including Tox21 (AUC =0.784), ToxCast
(AUC=0.663), Sider (AUC=0.640), ClinTox (AUC =0.832) and Bace
(AUC=0.845). In addition, FG-BERT achieved overall best perfor-
mance on these eight classification tasks, with the highest AUC
value of 0.7492 (Table 2). For regression tasks, FG-BERT performed
best on all four benchmark datasets (ESOL, Lipo, Malaria and
CEP), with the lowest average RMSE value of 0.927. Moreover, our
FG-BERT model showed an improvement of 7.2% in the overall
average of regression tasks compared to other supervised learning
models. Meanwhile, we counted how FG-BERT model compared to
each baseline DL model on these commonly used public bench-
mark datasets. As shown in Table S5, our FG-BERT model con-
sistently outperforms not only for each baseline individually, but
also across all baselines (Table 1).

To further demonstrate the comprehensiveness and adaptabil-
ity of the FG-BERT model, we added more advanced baseline
models (Table S6) as a comparison against the regression datasets.
As shown in Table S6, FG-BERT shows the best performance
on FreeSolv and Lipo datasets and achieves the second-ranked
performance on ESOL dataset. Additionally, two quantum chem-
istry datasets QM7 and QM8 were used to test the predictive
performance of the FG-BERT model. FG-BERT performs the best in
the QM8 dataset and achieves the second-ranked performance on
the QM7 dataset (Table S6), implying the comprehensiveness and
adaptability of the FG-BERT model. Taken together, these results
indicate that FG-BERT outperforms SOAT DL models in predicting
molecular properties. Therefore, our proposed FG-BERT model is
highly competitive in predicting molecular properties in the field
of drug discovery.

Performance of the FG-BERT on the ADMET
datasets

A total of 15 ADMET datasets (Table S2) related to drug discovery
were used to further illustrate the superiority of FG-BERT in
predicting molecular properties [6]. According to Wu et al. [6],
we selected the following advanced models as baseline models
for comparison, including two competing graph-based methods
(HRGCN+ and Attentive FP) [9, 10], two fingerprint-based XGBoost
models (XGBoost-MACCS and XGBoost-ECFP4) [46, 47] and one
knowledge-based pretraining model K-BERT [6]. For a fair compar-
ison, we used the same modeling data, splitting method and data-
splitting ratio, reported from K-BERT. Furthermore, we averaged
the results of the 10 different random seeds on the test set of
each dataset as the final result of the model. Detailed perfor-
mance results of FG-BERT on these ADMET datasets are shown
in Figure 3A. As shown in Figure 3B, the FG-BERT model achieved
the best molecular properties prediction performance compared
with all baseline models, with the highest average AUC value of
0.813. The K-BERT pretraining model achieved the second-ranked
performance, followed by HRGCN+, XGBoost-MACCS, XGBoost-
ECFP4 and Attentive FP. Obviously, the two BERT-based pretrained
models performed better than three non-pretrained models on
these ADMET datasets, indicating that the pretrained models have
certain advantages in the field of drug discovery. The reason may
be that the BERT-based pretraining models can learn more accu-
rate and useful molecular representations from a large number
of unlabeled datasets. Meanwhile, FG-BERT outperforms K-BERT,
mainly due to the fact that our model pays more attention to
the important structural FGs related to the molecular properties,
enabling the FG-BERT pretrained model to extract important
chemical structure and semantic information from molecules.
Collectively, the excellent predictive power of FG-BERT model
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Table 1: Performance results (ROC-UAC) of FG-BERT on eight classification tasks from commonly used public datasets

Methods Tox21 ToxCast Sider ClinTox MUV HIV BBBP Bace Average
InfoGraph [57] 733 +0.6 61.8+04 58.7+0.6 754 +£43 744 +18 742+09 68.7 £0.6 743 +26 70.10
GPT-GNN [58] 749 +£0.3 62.5+04 58.1+0.3 583+52 759+23 652+2.1 645+14 77.9+3.2 68.45
EdgePred [59] 76.0 £ 0.6 64.1+ 0.6 60.4 £0.7 64.1+£37 751+12 763+ 1.0 673+24 77.3+£35 70.08
ContextPred [60] 73.6+£0.3 62.6 £ 0.6 59.7+ 1.8 740+34 725+ 15 75.6 £ 1.0 706 £15 788+ 1.2 70.93
GraphLoG [61] 75.0+ 0.6 63.4+0.6 59.6+ 19 757 £24 755+ 16 76.1+0.8 68.7 £1.6 786+ 1.0 71.56
G-Contextual [62] 75.0+£ 0.6 62.8 £ 0.7 587+ 1.0 60.6 £5.2 72.1+0.7 763+ 15 699 +21 793+ 1.1 69.34
G-Motif [62] 73.6 £0.7 62.3+0.6 61.0+ 15 77.7 £2.7 73.0+ 18 73.8+1.2 66.9+3.1 73.0+33 70.16
AD-GCL [63] 749 +04 63.4+0.7 61.5+0.9 77.2+£27 763+14 76.7 £1.2 70.7 £0.3 766+ 15 72.16
JOAO [64] 74.8+0.6 62.8+0.7 60.4 £ 1.5 66.6 £3.1 766+ 1.7 76.9+0.7 66.4+1.0 732+ 16 69.71
SIMGRACE [65] 744 +£0.3 62.6 £0.7 60.2 £ 0.9 755+£20 754+13 75.0+£ 0.6 71.2+11 749+20 71.15
GraphCL [66] 751+0.7 63.0+ 04 59.8+ 13 775+ 3.8 764 +04 751+0.7 67.8+24 746+2.1 71.16
GraphMAE [67] 752409 63.6 +£0.3 60.5+ 1.2 76.5+3.0 76.4+20 76.8 £0.6 71.2+1.0 782 +15 72.30
3D InfoMax [19] 745+ 0.7 63.5+0.8 56.8+2.1 62.7 £33 762+14 761+ 13 69.1+1.2 786+ 19 69.69
GraphMVP [20] 749 +£0.8 63.1+0.2 60.2+1.1 791+28 77.7 £0.6 76.0+£0.1 70.8 £0.5 793+£15 72.64
MGSSL [68] 752+0.6 63.3+05 61.6 £1.0 77.1+ 45 77.6+04 75.8+ 04 68.8 £ 0.6 78.8+ 0.9 72.28
AttrMask [60] 751+0.9 63.3+£06 60.5+0.9 735+43 758+ 1.0 753+15 652+14 77.8+1.8 70.81
Mole-BERT [21] 76.8 £0.5 64.3+0.2 628 +1.1 789+ 3.0 78.6 £ 1.8 78.2+0.8 719+ 1.6 80.8+14 74.04
FG-BERT 78.4+ 0.8 66.3 +0.8 64.0 + 0.7 832+ 1.6 753+24 774 +1.0 70.2+0.9 84.5+ 1.5 74.92

The data-split method from Mole-BERT was used to split each classification dataset into training, validation and test sets with an 8:1:1 ratio [21]. The FG-BERT
used the same dataset and data split method for fairly comparison. The best result for each dataset is marked in bold. The standard deviation is located

behind the mean. All comparison results are collected from Mole-BERT [21].

Table 2: Performance results (RMSE) of FG-BERT on four regression tasks from commonly used public datasets

Methods ESOL Lipo Malaria CEP Average
ContextPred [60] 1.196 £ 0.037 0.702 4+ 0.020 1.101 £ 0.015 1.243 £0.025 1.061
JOAO [64] 1.120 £ 0.019 0.708 & 0.007 1.145 £ 0.010 1.293 £ 0.003 1.067
GraphMVP [20] 1.064 £ 0.045 0.691 4+ 0.013 1.106 £ 0.013 1.228 £ 0.001 1.022
AttrMask [60] 1.112 £ 0.048 0.730 4 0.004 1.119 £ 0.014 1.256 £ 0.000 1.054
Mole-BERT [21] 1.015 £ 0.030 0.676 &£ 0.017 1.074 £ 0.009 1.232 £ 0.009 0.999
FG-BERT 0.944 + 0.025 0.655 + 0.009 1.057 £+ 0.006 1.051 £ 0.029 0.927

The data-split method from Mole-BERT was used to split each regression dataset into training, validation and test sets with an 8:1:1 ratio [21]. The FG-BERT
used the same dataset and data split method for fairly comparison. The best result for each dataset is marked in bold. The standard deviation is located

behind the mean. All comparison results are collected from Mole-BERT [21].

makes it one of the most competitive methods to predict the
ADMET properties of molecules.

Performance of FG-BERT compared to the
advanced graph-based and fingerprint-based
models on cell-based phenotypic screening
datasets

Phenotype-based screening, such as whole-cell viability, is an orig-
inal but indispensable drug screening method that has received
renewed attention in recent years [48-52]. Therefore, we evaluated
the predictive performance of FG-BERT in phenotypic screening
datasets for 13 breast cancer cell lines and 1 normal breast cell
line (Table S3) [40]. For fair comparison with other models, we
also used a consistent dataset, splitting method, as well as the
same data splitting ratio (8:1:1 between training, validation and
test sets), and then we calculated the average of AUC values
obtained from 10 different random seeds as the final result of FG-
BERT. Figure 3C and D shows the detailed performance results of
FG-BERT on the 14 cell lines screening datasets. It can be found
that FG-BERT performs better than these baseline models across
the board. For example, FG-BERT performed best on 9 of the 14
cell lines (i.e. MDA-MB-453, SK-BR-3, T-47D, MCF-7, BT-474, BT-20,
BT-549, MDA-MB-231 and HBL-100), while Attentive FP achieved
the best performance on 2 cell lines (HS-578T and Bcap37),
XGBoost performed best on 2 cell lines (MDA-MB-361 and MDA-
MB-468) and GCN performed best on MDA-MB-435. Importantly,
FG-BERT achieved the best overall performance on these

14 cell lines, with the highest average AUC value of 0.856
(Figure 3D). The statistics results show that the overall accuracy
of the FG-BERT model is improved by 4.3% compared to the
second-ranked XGBoost model (AUC=0.813). These results fully
demonstrate the excellent performance of FG-BERT on the cell-
based phenotypic screening datasets, indicating that FG-BERT
has great potential in cell-based phenotypic screening drug
discovery.

Ablation studies
Whether it is useful to mask the FGs

To demonstrate the effectiveness of masking FGs for pretraining,
we compared FG-BERT with MG-BERT [18], which was pretrained
with random masked atoms. Since its original paper uses the
random split method, we also use the random split method to
split the same datasets to fairly evaluate the model performance.
As shown in Figure 4A and B, the predictive performance of FG-
BERT outperformed MG-BERT in all five datasets, with an overall
relative improvement of 11.7%, of which the average performance
of the classification and regression tasks were 1.9% and 18.2%,
respectively. There is no doubt that BERT model is effective in
pretraining by masking FGs.

Whether pretraining is indeed effective

To demonstrate that pretraining can indeed improve the accu-
racy of molecular property prediction tasks, we tested the per-
formance of pretrained and unpretrained FG-BERT under the
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Figure 3. Performance of FG-BERT compared to the baseline models on 15 ADMET datasets. (A) Detailed AUC values of FG-BERT and baseline models for
the test sets. (B) The average AUC values of FG-BERT and baseline models. The performances of all five baseline models were collected from Wu et al. [6].
Performance of FG-BERT compared to the baseline models on 14 breast cell-based phentypical sreening datasets. (C) Detailed AUC values of FG-BERT
and baseline models for the test sets. (D) The average AUC values of FG-BERT and baseline models. The performances of all five baseline models were

collected from He et al. [40].

same set of hyperparameters. Under the nonpretraining condi-
tion, the model parameters are fine-tuned using the initialized
weights for downstream tasks. Detailed comparison results are
listed in Figure 4C and D. It shows that under the same set of
hyperparameters, the pretrained FG-BERT model outperformed
the unpretrained FG-BERT model, with an average performance
improvement of nearly 7.9% for the classification tasks and nearly
9.6% for the regression tasks. These results demonstrate that
pretraining actually enables FG-BERT to capture rich structural
and semantic information from large-scale unlabeled molecules,
extract effective molecular representations and easily migrate
them to specific downstream tasks through simple neural net-
works to enhance the predictive power of the model.

Whether it is useful to filter the pretrained dataset

We further tested the performance of FG-BERT model constructed
based on an unfiltered molecular dataset collected from ChEMBL
to obtain weights for six classification tasks. Figure 5 shows that
the predictive performance of the FG-BERT model built on the
filtered dataset is better than that of the FG-BERT model based
on unfiltered dataset. This may be due to the fact that the

filtered corpus based on the three principles of drug-like prop-
erties contains higher quality of molecules, which makes it easier
for the FG-BERT model to recognize the drug-like molecules, and
thereby extracting better molecular representation, which ulti-
mately makes the model more accurate in downstream prediction
tasks.

The influence of different FG masking rate

We also conducted ablation experiments on the FGs masking
rates of the pretrained model. Four masking rates of 0.15, 0.2, 0.3
and 0.5 were set for pretraining, and public commonly datasets
were used for fine-tuning. Notably, HIV dataset is not adopted
because it is too large and would require a lot of computation
time. We used random scaffold to split datasets for downstream
tasks, and we computed the average values of evaluation metrics
based on three random seeds as the final results. As shown
in Figure 4E and F, FG-BERT model achieves the average optimal
performance at the FGs masking rate of 0.15, which is different
from the best results obtained by KPGT [53] at a masking rate
of 0.5 and by ATMOL [54] at a masking rate of 0.25. A recent
study in the field of CV has shown that the high masking rate of
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the MLM has improved the model performance, which conflicts
with our conclusion. The reason maybe that the high masking
rate may make it difficult for the model to learn the semantic

and structural information in chemical molecules, which in turn
makes the quality of molecular representations extracted by the
model insufficient and affects the performance of the model.
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The interpretation of FG-BERT

A comprehensive understanding of the relationship between the
molecular structure and its properties is essential for analysis
and for further lead compound optimization, which necessitates
further exploration of the interpretability of the FG-BERT model.
Currently, FG-BERT can reveal such relationship by aggregating
information from all atomic and FG representations through the
AM to generate a representation of the entire molecule, while
attention weights can be generated and used to indicate the
importance of atoms and/or FGs in the molecular representation,
so it can be considered as a measure of the target property
correlation measure.

For one thing, the FG-BERT model based on the blood-brain
barrier permeability (BBBP) dataset was utilized to analyze the
interpretability of the model. Since the blood-brain barrier (BBB)
prevents the entry of most drugs and hormones, accurate predic-
tion of the BBBP of molecules is essential for the development of
drugs for central nervous system diseases treatment. Typically,
hydrophobic molecules are more likely to cross the BBB due to
their low polarity and high ClogP, while the converse is true for
hydrophilic molecules. As shown in Figure 6, we easily visualized
the attention weights of the molecules of interest, where darker
red color indicates that they are given higher weights, and vice
versa. Taking a permeable molecule as an example (Figure 6A),
the benzene ring and cyclohexane (high hydrophobic FGs with
the lowest polarity) in the molecule contribute the most to the
BBB. We further quantified the ClogP values of these FGs by using
ChemBioDraw (v. 14.0.0.117). It is easy to see that the left part
of the molecule (Figure 6A) has a ClogP value of 0.547, while
the right part has a ClogP value of 5.291, which is consistent
with the prediction of the FG-BERT model. Meanwhile, for an
impermeable molecule, FG-BERT tends to focus on the amino
and hydroxyl groups on the left part of the molecule (Figure 6B),
which provides most of the polarity to prevent the molecule from
crossing the BBB. Furthermore, the ClogP value of the left FGs
of the molecule in red is —0.575, indicating that the red portion
of the molecule is more hydrophilic and may face difficulties in
crossing the BBB. The high attention marked in the red part from
our FG-BERT model was consistent with the inactive prediction
results. Clearly, the high concern of the FGs marked in red from
our FG-BERT model is consistent with the predicted results for the
impermeable molecule.

B-secretase 1 (BACE-1) is an enzyme in human body involved
in the cleavage of amyloid precursor proteins (APPs) [55]. The
cleavage of APP will produce B-amyloid, one of the main
components deposited in Alzheimer’s disease (AD), so BACE-1

is considered an important target for the treatment of AD [34].
Herein, the optimal model based on the BACE dataset was chosen
to further probe the interpretability of FG-BERT model. As shown
in Figure 6C and D, two molecules (BACE_350 and BACE_1015)
were selected from the test set for case studies. Notably, these
two molecules have the same scaffold, but BACE_350 (pICso = 8.22)
is active, while BACE_1015 (pIC50=6.35) is inactive [56]. Based
on the visualization of the atomic attention weights of the
two molecules (Figure 6C and D), it is clear that the model
captures the important FGs in the molecules. We speculate
that FG-BERT focuses on the difference between BACE_350 and
BACE_1015, because BACE_350 contains a six-membered ring
and an alkyne substituent, while the corresponding portion
of BACE_1015 contains a five-membered ring without alkyne
substituent. Furthermore, the binding modes of BACE_350 and
BACE_1015 to BACE-1 were investigated using Glide SP docking,
and the 2D protein-ligand interactions of the two molecules are
shown in Figure 6C and D, respectively. Glide scores indicated
that BACE_350 (docking score = —6.786 kcal/mol) exhibited better
inhibitory activity against BACE-1 than BACE_1015 (docking
score =—3.823 kcal/mol), which is consistent with the results of
enzyme inhibition experimental. The highlighted amino group
in the molecule can form two key hydrogen bonds with ASP32
and ASP228 according to the docking results, indicating that
our model can automatically learn key FGs information from
molecules and apply it to molecular property prediction tasks. In
addition, Figure 6E presents the detailed 3D binding modes of the
two molecules to BACE-1. Notably, the alkyne FG of BACE_350 is
oriented toward the S3 hydrophobic pocket of BACE-1, resulting
in a strong hydrophobic interactions, which is also in accordance
with the highlighted FG of BACE_350. However, these hydrophobic
interactions were not observed due to the lack of the alkyne FG
in BACE_1015, which may account for the poor inhibitory activity
of BACE_1015 against BACE-1. Such results shows that our FG-
BERT model can identify key interaction patterns associated with
biological activity.

CONCLUSIONS

Given the scarcity of labeled data in the field of molecular
property prediction, in this study we propose a new self-
supervised learning framework called FG-BERT. The FG-BERT
model enables efficient recovery pretraining by masking FGs in
molecular graphs, and comprehensively mine chemical structure
and semantic information from ~1.45 million of unlabeled
molecules to learn useful molecular representations. The FG-
BERT pretrained model can be easily used for downstream molec-
ular property prediction tasks though fine-tuning strategy. Based
on three large-scale benchmark datasets involved in various
molecular properties, including physical chemistry, biophysics
and physiology, the systematic evaluation results indicate that the
FG-BERT pretrained model is highly competitive, even compared
with the most advanced traditional supervised ML and DL models,
as well as self-supervised pretraining models. In addition, the
high interpretability of the FG-BERT model allows users to
fully understand the relationship between molecular structure
and its properties, which can provide valuable fragments/FGs
information to help scientists more accurately design and identify
molecules with desired functions and/or therapeutic effects. All
in all, we anticipate that FG-BERT as an out-of-the-box, effective
and interpretable computational tool can be utilized for various
drug discovery-related tasks. FG-BERT currently primarily focuses
on FG information in molecules and does not fully consider
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Figure 6. The importance of molecular structures during the prediction process. The darker the color, the more important are for the structures.
Molecule 1 and molecule 2 were obtained from the BBBP (the BBB penetration) dataset. BACE_350 and BACE_1015 were obtained from the BACE dataset.
(A) Molecule 1 is permeable, and the darker colored portion has a higher ClogP, which indicates a stronger lipophilicity. (B) Molecule 2 is impermeable,
and the darker colored portion has lower ClogP, which means a weaker lipophilicity. The important portions that were captured by FG-BERT models were
consistent with the prediction results. (C) and (D) Demonstration of the colored active and inactive molecules against BACE-1, and the 2D protein—ligand
interaction binding modes generated by Glide SP docking. (E) Representation of the binding pocket (left), the solid surface of protein and ligand binding
sites (middle) and the predicted 3D binding modes of BACE_350 and BACE_1015 to BACE-1 (right). All figures were generated using PyMOL software
(https://pymol.org/2/).
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molecular scaffold information. By integrating molecular scaffold
information with FG information, it is possible to enhance the
ability of model to extract molecular features, which in turn
improves its molecular property prediction performance. We will
explore this further in future work.

Key Points

e We presented a DL pretraining model named FG-BERT to
predict molecular properties.

e It utilizes a self-supervised pretraining learning frame-
work to learn useful molecular representation from
~1.45 million drug-like molecules with diverse biological
activities.

e Extensive experimental results have shown that FG-
BERT is highly competitive with classical ML methods
and SOTA pretraining and graph-based DL methods.

e The ablation experiments of FG-BERT demonstrate that
the model can improve the downstream task prediction
performance of the model after recovering pretraining
by masking FGs.

e The intuitive interpretability of the FG-BERT model
can provide important chemical fragments to assist
chemists and pharmacists in designing or optimizing
new molecules with desired properties.
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