
SynFrag: Synthetic Accessibility Predictor Based on Fragment
Assembly Generation in Drug Discovery
Xiang Zhang, Jia Liu, Bufan Xu, Zihan Zhang, Zifu Huang, Kaixian Chen, Dingyan Wang,*
and Xutong Li*

Cite This: https://doi.org/10.1021/acs.jcim.5c02450 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: AI-driven molecular generation encounters a
“generation-synthesis gap”: most computationally designed mole-
cules cannot be synthesized in laboratories, limiting AI-assisted
drug design (AIDD) applications. Current approaches to assess
synthetic accessibility (SA) include computer-aided synthesis
planning (CASP) tools that perform retrosynthetic searches and
machine learning-based SA prediction models that provide rapid
scoring. CASP tools are computationally expensive for high-
throughput screening, while existing SA prediction models may
lack chemical synthesis logic or exhibit variable performance across
different chemical spaces. We developed SynFrag, an SA prediction
model using fragment assembly autoregressive generation to learn
stepwise molecular construction patterns. Self-supervised pretrain-
ing on millions of unlabeled molecules enables the learning of dynamic fragment assembly patterns beyond fragment occurrence
statistics or reaction step annotations. This approach captures connectivity relationships relevant to synthesis difficulty cliffs, where
minor structural changes substantially alter SA. Evaluation across public benchmarks, clinical drugs with intermediates, and AI-
generated molecules shows consistent performance across diverse chemical spaces. The model produces subsecond predictions with
attention mechanisms corresponding to key reactive sites. SynFrag provides computational efficiency suitable for large-scale
screening while maintaining interpretability for detailed SA assessment in drug discovery workflows. Online platform: https://
synfrag.simm.ac.cn. Code and data available: https://github.com/simmzx/SynFrag.

1. INTRODUCTION
AI-driven molecular generation has advanced in exploring
chemical spaces and designing compounds with desired
properties.1−3 However, a “generation-synthesis gap”4 limits
practical impact: computationally designed molecules often
cannot be synthesized in laboratories. Generative models
produce varying proportions of molecules amenable to
synthesis using existing methodologies,5 constraining practical
implementation in AI-assisted drug design (AIDD). Synthetic
accessibility (SA) prediction serves as a bridging approach to
address this bottleneck in AIDD.
SA is a multidimensional concept encompassing structural

complexity, reaction feasibility, yield, and reagent availability.
Current SA prediction approaches fall into two categories.
Computer-aided synthesis planning (CASP) methods, includ-
ing ASKCOS6 and AiZynthFinder,7 perform retrosynthetic
searches based on MCTS or A* algorithm but require
substantial computational time (2−6 min per molecule) and
depend on reaction template databases.8 Machine learning
approaches employ various strategies: SAscore9 uses fragment
frequency statistics from drug databases without considering
interfragment connectivity. SCScore10 learns relative complex-

ity using neural networks trained on schemes (sequences of
reactions). SYBA11 applies naive Bayes classification based on
fragment occurrence. RAscore8 and GASA12 train neural
network and graph attention-based model using binary labels
derived from CASP results. DeepSA13 treats SMILES as
chemical language using pretrained BERT. BR-SAscore14

incorporates the fingerprints of reaction centers and building
blocks to enhance fragment information.
However, existing approaches mostly face three limitations

in drug discovery workflows. First, fragment-level statistical
methods, such as SAscore and SYBA, rely on fragment
occurrence frequencies without capturing assembly patterns.
This limits the ability to identify synthesis difficulty cliffs, as
patterns may be implicit across fragments. Second, supervised
methods depend on binary labels from CASP tools, leaving
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large chemical databases underutilized for learning chemical
principles. Third, current methods show variable perform-
ance15 on AI-generated molecules or cannot discriminate
between intermediates in multistep syntheses16�both relevant
for evaluating molecular design outputs and optimizing
synthetic routes.
We developed SynFrag, a model using fragment assembly

autoregressive generation pretraining (Figure 1). SynFrag
decomposes molecules into fragments and reconstructs them
step-by-step through autoregressive generation, learning
stepwise construction patterns, and is expected to simulate
how chemists think in assembling building blocks in synthesis.
The pretrain-finetune framework uses 9.18 million unlabeled
molecules with depth-first-search (DFS) assembly sequences
to capture fragment connectivity patterns in generation
processes. This approach provides subsecond predictions
suitable for high-throughput screening, maintains performance
across diverse chemical spaces, including drug molecules and
AI-generated structures, and serves interpretable visualizations.

The main contributions include: (1) developing SynFrag
with fragment assembly strategy that captures synthesis logic
beyond traditional fragment patterns; (2) constructing test sets
with clinical drugs (TSA) and AI-generated molecules (TSB)
for practical benchmarks; (3) evaluating models’ performance
in identifying synthesis difficulty cliffs and discriminating
relative synthesis difficulty of intermediates in scheme; (4)
providing an open platform combining computational
efficiency with interpretability. SynFrag addresses SA pre-
diction requirements in AIDD workflows.

2. METHODS AND MATERIALS

2.1. Data Set
2.1.1. Pretraining Data Set. We integrated commercially

available molecules from seven databases to construct the pretraining
data set. Public databases included ZINC,17 PubChem,18 and
ChEMBL.19 Commercial databases included Enamine,20 VitasM,
Chembridge,21 and Lifechemical.22 Data preprocessing employed
three-stage filtering: (i) Molecular validity verification using RDKit23

cheminformatics toolkit to validate chemical validity of SMILES

Figure 1. SynFrag model architecture Left (Pretraining): Molecules are converted to graphs and processed through AttentiveFP to obtain atom and
fragment representations. BRICS+2 fragmentation decomposes molecules into fragments, constructing fragment trees with fragments as nodes and
broken bonds as edges. DFS-based autoregressive generation trains dual predictors (topology and label predictors) to reconstruct molecules by
sequential prediction of fragment assembly. Right (Finetuning): Pretrained AttentiveFP is fine-tuned on labeled SA data for easy-to-synthesize (ES)
and hard-to-synthesize (HS) classification. Output range [0, 1]: values near 1 indicate ES; values near 0 indicate HS.
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strings, excluding structures violating valence rules; (ii) Fragmenta-
tion compatibility assessment to confirm molecules could be
decomposed into fragments according to BRICS+2 rules and
reconstructed as molecular tree structures, eliminating molecules
with fragmentation or reconstruction failures; (iii) Data quality
control through duplicate removal and integrity validation. After
filtering, 9,185,665 molecules were obtained as the pretraining data
set (Figure 2), covering chemical space from small compounds to
complex natural products. Notably, beyond the above preprocessing
steps, we did not implement additional standardization procedures to
explicitly canonicalize tautomers and protonation states (e.g.,
−COOH vs −COO−). Beyond the comparison of data sets pre-
and poststandardization, posthoc analysis�including evaluation on
standardized test sets and assessment of prediction consistency across
representative tautomer pairs�indicated that such standardization
was of low importance for SynFrag development (Tables S1 and S2).
This is likely because the pretraining task primarily learns fragment
assembly patterns rather than ionization-state-specific features.
Nevertheless, we recommend incorporating complete standardization
procedures into data processing workflows as best practice.
2.1.2. Finetuning Data Set. The fine-tuning stage was

specifically designed for two scenarios in SA prediction: ambiguous
boundary molecules and synthesis difficulty cliffs. We adopted an
established multisource training data set previously used in SA
prediction studies (GASA, DeepSA, BR-SAscore),12−14 consisting of
two components. (i) Decision-boundary molecules: molecules with
SAscore values in [3.5, 6] were collected from ChEMBL and
CDBChEMBL, representing ambiguous cases, then the retrosynthesis

tool Retro*24 provided annotations: compounds with feasible
synthetic routes (≤10 steps) were labeled easy-to-synthesize (ES);
others were labeled hard-to-synthesize (HS).25 (ii)Synthesis difficulty
cliff set: commercially available compounds from ZINC15 served as
ES molecules; structurally complex molecules generated by the
Nonpher26 model served as HS molecules; molecular pairs with
fingerprint similarity >0.35 were retained to capture cases where
similar structures diverge in SA.
2.1.3. Test Data Set. Five test sets were constructed covering

different application scenarios, totaling 43,753 molecules.
Public benchmark test sets (TS1−TS3): TS1, constructed by

Vorsǐlaḱ et al.,11 contains 7162 molecules with controlled design: HS
molecules (3581) from complexity analysis of the GDB17 database
and ES molecules (3581) from expert curation of the ZINC
database.27 TS2, developed by Thakkar et al.,8 comprises 30,348
molecules sampled from ChEMBL, CDBChEMBL, and other
databases, with annotations based on retrosynthesis planning from
AiZynthFinder. TS3 contains 1800 molecules (900 ES, 900 HS) from
expert-curated ZINC molecules, literature-reported molecules with
expert assessment, and molecules from MLSMR and PubChem
annotated using Retro*. The three test sets represent increasing
difficulty gradients (Figure S1).12 Notably, label consistency between
the test and fine-tuning data sets is crucial for model development and
evaluation. Since Retro* serves as the primary labeling method for
fine-tuning data, we relabeled TS1 and TS2 using identical Retro*
configurations and compared them with the original benchmark
labels. Results showed substantial agreement between different
labeling approaches (Tables S3 and S4), and the small proportion

Figure 2. Data set construction and characterization.(A) Overview of data sets sources and construction pipeline. Pretraining data set (9.18 M
molecules) from public databases (ZINC, PubChem, ChEMBL) and commercial suppliers (Enamine, VitasM, Chembridge, Lifechemical).
Finetuning data set (800 K molecules) from boundary molecules (SAscore [3.5, 6]) annotated by Retro* and difficulty cliff pairs (Tanimoto
similarity >0.35) from ZINC15 (ES) and Nonpher-generated molecules (HS). Test data sets (43,753 total): TS1−TS3 are public benchmarks;
TSA contains clinical drugs and intermediates; TSB contains AI-generated molecules. (B) PCA visualization of test sets in chemical space using
molecular fingerprints. (C) Distribution of ES/HS across data sets. (D) Runtime comparison: SynFrag processes 2401 molecules in 0.47 min;
AiZynthFinder requires 3411.6 min.
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of inconsistent labels was predominantly concentrated in the SA
decision boundary region (Table S5). This suggests that current
labeling strategies achieve a reasonable balance between consistency
and methodological diversity.
Real-world application test sets (TSA, TSB): TSA (2062

molecules) covers drug discovery scenarios with four sources: (i)
FDA-approved drugs from the past 8 years and clinical trial
candidates,28−35 (ii) their key synthetic intermediates, (iii) total
synthesis of organic compounds reported in the past 5 years, and (iv)
in-house lead compounds synthesized in our laboratory. Molecules
with publicly available synthetic routes of ≤10 steps were labeled ES.
Those requiring >10 steps or lacking disclosed routes were labeled
HS. In-house leads were annotated by senior medicinal chemists. TSB
(2401 molecules) assesses model performance on novel chemical
entities. Molecules were generated by the Graph GA algorithm,36

producing structurally novel derivatives while preserving pharmaco-
phoric groups. Dual-validation annotation was used: Retro* and
AiZynthFinder were applied with identical settings (maximum depth

= 10 steps, time limit = 360 s, full template library). Molecules were
labeled ES if both tools identified ≤10 steps, HS if both required >10
steps or failed, and excluded if results were inconsistent. All five test
sets were deduplicated using canonical SMILES to prevent molecular
overlap across data sets.

2.2. SynFrag Model
SynFrag uses fragment assembly autoregressive generation. In organic
synthesis, chemists start with commercially available building blocks
and perform stepwise assembly through systematic reactions to obtain
the target molecules. Each reaction step builds upon the products of
the preceding steps. SynFrag converts this assembly process into
machine learning tasks through pretraining that reconstructs
molecules by sequentially predicting fragment assembly using a
depth-first search (DFS). The model starts from an initial fragment
and progressively builds complete molecular structures. This training
approach is expected to capture interfragment connectivity patterns,
assembly sequences, and structural relationships relevant to synthetic
accessibility. The autoregressive framework learns the implicit

Figure 3. SynFrag technical components. (A) AttentiveFP architecture for molecular representation learning. SMILES input is converted to
molecular graph and processed through attention layers to update atomic representations, attention-weighted global pooling for molecular
representation, and dense layers for output [0,1]. Pooling operations aggregate atomic features into fragment representations. (B) used the BRICS
+2 fragmentation strategy. Step 1: BRICS rules decompose molecules into initial fragments. Step 2: Additional rules refine fragmentation. Step 3:
Fragments are organized into tree structure. Fragment vocabulary defines the label space for assembly prediction (C) Example of ibuprofen for the
DFS fragment assembly generation process: The assembly initiates from root node 1, then the label predictor and topology predictor alternate in
this process, conducting exploration along the sequence (1 → 2 → 3). When the topological predictor at node 3 correctly determines no
subsequent connections exist, backtracking operations are executed to branching node 2, continuing exploration of another side chain (2 → 4 → ···
→ 7 → 6 → 8 → 9). Upon completion of tracing back for each individual node with no remaining node to connect with, the fragment
autoregressive assembly task finishes with successful generation (reconstruction) of the original molecule. This process simulates stepwise synthesis
from building blocks.
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knowledge of individual fragments and structural relationships
between fragment assembly steps, reducing reliance on labeled data
compared to traditional fragment frequency-based or solely supervised
methods.
2.2.1. AttentiveFP Module. Message-passing networks provide

molecular representations. AttentiveFP is a graph neural network for
molecular property prediction.37 Molecular graph construction:
Molecules are converted to molecular graphs G = (V, E) using
RDKit, where V represents atomic nodes, and E represents chemical
bonds. Each atom is initialized as a feature vector containing an
atomic type, formal charge, hybridization state, aromaticity, and
chirality. Each bond is initialized with a bond type, aromaticity, and
ring membership features. Graph convolution featurizers (DeepChem
implementation) enrich node and edge representations (Table S6).38

Message-passing mechanism: During K-round updates, each atom
aggregates information from neighboring atoms through attention
mechanisms. Attention scores compute feature compatibility between
central and neighboring atoms (eq 1):

( )e a Wh Wh j N,ij i j i( )

Ä
Ç
ÅÅÅÅÅ

É
Ö
ÑÑÑÑÑ= (1)

where a(·) represents the attention network, W denotes learnable
parameters, ∥ indicates feature concatenation, and N(i) represents
neighbors of atom i. Attention weights undergo softmax normalization
(eq 2). Neighbor information is aggregated through attention-
weighted summation to form context vectors (eq 3), and atomic
representations (Figure 3A) are updated through gated recurrent
units (GRU) (eq 4):39

a e
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where elu denotes exponential linear unit activation. The context
vector Ci

k−1 aggregates neighbor features hj
k−1 weighted by attention

coefficients aij from eq 2. The GRU gating mechanism then integrates
this aggregated neighborhood information with the previous hidden
state, hi

k−1, to produce updated atomic representations.
In parallel, BRICS+2 fragmentation decomposes molecules into

fragments (Figure 3B), construct ing molecular trees
G( ) ( , , )= with fragments as nodes and broken bonds as

edges. Fragment representations mi are obtained through pooling
operations from constituent atomic representations (eq 5), where Mi
represents the set of atoms in the i-th fragment. Molecular-level
representations hG are obtained through attention-weighted global
pooling (eq 6),40 where f represents the attention score network, and
αv indicates each atom’s contribution weight to the molecular
representation.

m h v MPool( )i v
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h h
f h
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v V
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v
v
K

u V u
K= · =

(6)

2.2.2. BRICS + 2 Fragmentation. We improved BRICS+2
fragmentation based on the BRICS algorithm by Degen et al.41

BRICS defines 16 retrosynthetic bond-breaking rules that decompose
molecules into fragments (e.g., aromatic C−C bonds, aromatic C−O
bonds, and N-aliphatic C bonds). The original BRICS strategy has
two limitations: (i) Incomplete fragmentation: complex molecules
may retain large fragments, increasing learning complexity; (ii)
Uneven fragment distribution: oversized fragments exhibit low
occurrence frequencies, affecting pretraining. We introduced two
additional rules to form BRICS+2: (i) Ring−chain bond-breaking:
bonds connecting intraring and extra-ring atoms are broken to form

independent ring and chain fragments; (ii) Branching point bond-
breaking: nonring atoms connecting three or more bonds are broken
to form independent atom fragments. These rules reduce fragment
combination complexity and increase common functional group
frequency in the fragment vocabulary (Figure 3B).42

2.2.3. DFS-Based Fragment Assembly Autoregressive
Generation Pretraining. SynFrag converts molecular construction
processes into machine learning tasks. Chemists assemble complex
molecules from building blocks through stepwise reactions, and our
model learns this process through pretraining:
Initially, molecular trees G( ) ( , , )= serve as representa-

tions for the autoregressive task.43−46 represents the set of
fragment node mi, represents broken bond edge sets, and
represents fragment vocabulary. The pretraining objective maximizes
molecular tree generation probability47 p G( ( ); ) (eq 7), seeking
optimal parameters p Gargmax ( ( ); )* = . Two predictors are
used: (i) topology predictors determine whether next nodes connect
to current nodes; (ii) label predictors determine specific labels of the
next nodes. Autoregressive generation is modeled as conditional
probability products (eq 8):

p G p( ( ); ) ( , )= [ ] (7)

p plog ( , ) log , ,
i

i i i i
1

i
k
jjjjjj

y
{
zzzzzz=

=

| |

< <
(8)

where π denotes fragment assembly sequences, denotes expectation
over all possible sequences, implemented by DFS recursion,48 and
and denote node labels and edge connections arranged by
sequence π.
Autoregressive fragment assembly starts from root nodes (1st atom

located).49 Topology predictors determine whether connected next
fragments exist. Label predictors determine specific fragment types
when they exist (Figure 3C). Each prediction uses historical node
labels i< and edge connections i< , embodying autoregressive
characteristics. The DFS algorithm determines the fragment assembly
order, representing linear growth in organic synthesis that completing
main chain before branch modifications.
Fragment-level message-passing and dual predictors are imple-

mented. Fragment nodes exchange information through the molecular
tree structure. Fragment-level hidden state updates as eq 9, where hi,j
represents the hidden state of fragment i at iteration j, mi denotes the
fragment representation from eq 5.
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Topology predictors use sigmoid functions to estimate connection
probabilities (eq 10):

p U W m W ht
d d

i
d

k i
k i1 2

( , )
,

i

i

k

jjjjjjjj
i

k
jjjjjjj

y

{
zzzzzzz

y

{

zzzzzzzz= +
(10)

Label predictors select fragment types in vocabulary through
softmax functions (eq 11):

( )( )q U W hsoftmaxj
l l

i j,= (11)

where σ represents sigmoid functions, τ represents relu functions, and
Ud, W1

d represent learnable parameters. Pretraining loss pre integrates
cross-entropy from both predictors (eq 12),50−52 where pt and qj

denote true connections and labels:

p p
j

q q( , ) ( , )
t

t t j jpre topo label= +
(12)

Through end-to-end training, the model learns implicit knowledge
about fragments and their assembly logic.
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2.2.4. Finetuning for SA Prediction. AttentiveFP is initialized
using pretrained parameters. (Figure 1) During forward propagation,
AttentiveFP processes molecular graphs to obtain atomic representa-
tions, aggregates molecular representations through attention global
pooling, and outputs SA prediction values through dense layers and
sigmoid activation. Loss function fine employ binary cross-entropy
(eq 13):

N
y y y y

1
log( ) (1 )log(1 )

i

N

i i i ifine
1

Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑ
= +

= (13)

2.2.5. Model Training and Hyperparameter Optimization.
Pretraining used 9.18 million molecules with Adam optimizer
(learning rate 1e−4, batch size 64).53 The gradient clipping threshold
was 1.0.54 Cosine annealing learning rate scheduling decreased rates
to 10% of the initial values after 100 epochs.55 Pretraining used 4
TESLA A100 GPUs. Finetuning employed random search with early
stopping.56,57 Search spaces included the following: message-passing
layers [2, 3, 4, 5], aggregation layers [1, 2, 3], hidden units [100, 200,
300, 400], dropout [0.1, 0.3, 0.5], learning rates [0.01, 0.001, 0.0001,
0.00001], batch sizes [16, 32, 64], and weight decay [0.001, 0.0001,
0.00001] (Table S7 and Figure S2).
2.3. Evaluation Metrics
SA prediction is defined as a binary classification task distinguishing
hard-to-synthesize (HS) and easy-to-synthesize (ES) molecules.
Based on confusion matrix elements (TP, FP, TN, FN), evaluation
metrics include:
Accuracy measures the overall classification performance. Precision

evaluates the reliability of ES predictions. Sensitivity (Recall)
measures the completeness of ES identification. High sensitivity
reduces false negatives of the ES candidates. Specificity measures the
HS identification accuracy. High specificity reduces resources spent
on difficult candidates (Table 1). F-score is the harmonic mean of

precision and recall. AUROC calculates the area under the ROC
curve, plotting the true positive rate against the false positive rate.
Values range from 0 to 1; higher values indicate better discrimination.
PR-AUC is used for imbalanced data sets.58 Cohen’s d quantifies
separation between ES and HS prediction distributions: |d| = 0.2
(small), |d| = 0.5 (medium), |d| = 0.8 (large).59
2.3.1. Comparative Experiments and Ablation Studies.

Seven SA prediction methods across three categories were compared
with SynFrag: (i) Fragment-based statistical methods: SAscore
(fragment frequency with complexity penalty), BR-SAscore (SAscore
with reaction center information), SYBA (naive Bayes classification on
fragments); (ii) Reaction routes methods: SCScore (learning from
reaction step complexity), RAscore (using AiZynthFinder retrosyn-
thesis results); (iii) Deep learning methods: GASA (graph attention
network) and DeepSA (BERT on SMILES sequences). For models

with predefined thresholds (e.g., SYBA: 0.0, GASA: 0.5, DeepSA:
0.5), official parameters were used. Otherwise, optimal thresholds
were determined by grid search on each test set.60

Ablation experiments quantify pretraining contributions. SynFrag
with and without pretraining, AttrMasking and MolCLR were
adopted to compare the contribution of pretraining strategies to SA
prediction. These models used a consistent AttentiveFP backbone and
were trained for identical epochs, and tested by TS2 and TS3.
AUROC curves throughout the training were recorded.
2.3.2. Chemical Interpretability Analysis. Four analyses were

performed: (i) Molecular descriptor analysis: SynFrag prediction
distributions across chiral center counts (0, 1, 2, 3, ≥4) and molecular
weight ranges (<500 Da, ≥ 500 Da). Four contrasting cases were
examined: molecules with minimal/multiple chiral centers and low/
high molecular weights but opposite SA label. (ii) Using steroid
derivatives as a case study, we investigate whether SynFrag
misclassifies these compounds as ES owing to the full preservation
of their synthetically challenging fragments in pretraining. (iii)
Synthesis difficulty cliff analysis: Three in-house molecular pairs
with high structural similarity (Tanimoto > 0.83) but different SA
were selected, representing N−N bond instability, distance-dependent
electronic effects, and steric hindrance. (iv) Multistep synthetic route
analysis and attention mechanism analysis: Predictions for atogepant
and its 9 intermediates were normalized across models (SynFrag,
SCScore, BR-SAscore, DeepSA) for comparison. Attention weights
for the final product atogepant were examined for correspondence
with key reactive sites.

3. RESULTS AND DISCUSSION

3.1. Systematic Performance Evaluation on Public Test
Sets and Real-world Application Scenarios

To comprehensively validate SynFrag’s performance, system-
atic comparisons with seven mainstream models were
conducted across five test sets. The evaluation framework
encompassed three public benchmark test sets (TS1−TS3)
and two specially constructed real-world application scenario
test sets (TSA clinical drug data set, TSB AI-generated
molecule data set), with comparison models spanning three
technical paradigms: traditional fragment frequency, reaction
routes-based learning, and deep learning.
SynFrag demonstrated a superior performance across all test

sets. In public benchmark testing (Table 2), TS1 achieved
AUROC values of 1.000, TS2 obtained 0.940 (2.9% improve-
ment over the SOTA DeepSA’s 0.913), and TS3 reached 0.894
(comparable to DeepSA’s 0.896 while maintaining advantages
in Accuracy and Specificity); SynFrag also obtained high
Specificity values across all test sets (0.891−0.995), ensuring
accurate identification of synthesis barriers. More importantly,
SynFrag exhibited outstanding performance in real-world
application scenarios (Figure 4): TSA achieved AUROC
0.945, and TSB reached 0.889, both representing the highest
values among all models.
To rigorously assess the statistical significance of these

performance differences, we employed DeLong’s test for
comparing AUROC values, which accounts for the correlation
structure when evaluating different models on the same test
set. With the Bonferroni correction applied for multiple
comparisons (28 pairwise comparisons, α = 0.00179), a
comprehensive pairwise comparison was conducted across all
eight methods and five test sets (Figure S3). Notably, the
statistical comparison between SynFrag and SYBA (a
representative fragment-frequency-only method) revealed
significant improvements across all five test sets (Table S8).
The minimal difference on TS1 (ΔAUROC = 0.002) reflects
near-ceiling performance, whereas on TSB, SynFrag achieved a

Table 1. Evaluation Metrics for the Synthetic Accessibility
Predictiona

evaluation metric equation

accuracy TP TN
TP FP TN FN

+
+ + +

precision TP
TP FP+

recall TP
TP FN+

specificity TN
TN FP+

F-score 2 Precision Recall
Precision Recall

· ·
+

Cohen’s d
( ) ( )

( )

n n

n n

1 2

1 1 1
2

2 1 2
2

( 1 2 2)

+

+

aTP, TN, FP, and FN represent True Positive, True Negative, False
Positive, and False Negative. μ1, μ2 are prediction means for ES and
HS; σ1, σ2 are standard deviations; n1, n2 are sample sizes.
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substantial improvement of ΔAUROC = 0.221 (33.1%),
highlighting its superior performance on AI-generated
molecules.
Performance on TSA and TSB data sets reveals differences

across technical approaches (Figure 4). SynFrag achieved
Cohen’s d of 2.814 (TSA) and 1.783 (TSB), while BR-SAscore
and SAscore achieved d = 2.488 and 2.247 on TSA. Box plots
(Figure 4A,B) illustrate the distributions underlying these
effect sizes. On TSA, SynFrag shows clear separation between
ES and HS distributions, with ES molecules concentrated at
high prediction values (median ≈ 0.95) and HS molecules at
low values (median ≈ 0.05). On TSB, while separation
decreased (d = 1.783), SynFrag maintained distinct distribu-
tions with minimal overlap. Traditional fragment-based
methods showed marked changes: BR-SAscore’s Cohen’s d
decreased from 2.488 to 1.622, and SAscore from 2.247 to
1.485 on TSB, with increasing distribution overlap visible in
box plots. This pattern suggests a reduced generalization to
novel chemical structures. DeepSA showed highly variable
performance, with overlapping distributions on TSA (d =
0.257) but improved separation on TSB (d = 1.066).
AUROC analysis confirms these patterns (Figure 4C,D).

BR-SAscore and SAscore achieved 0.942 and 0.937 on TSA,
but decreased to 0.866 and 0.848 on TSB. DeepSA achieved
0.362 on TSA and 0.797 on TSB, indicating variable
performance across chemical spaces. This discrepancy may
relate to the limitations of the pure SMILES sequence
representation or insufficient model generalization. SynFrag
maintained consistent performance as the fragment assembly
pretraining approach captures generalizable synthesis pattern
knowledge across different molecular distributions. These

results set the stage for the scenario-specific analyses that
follow.
To examine whether the observed improvements stem

specifically from fragment assembly pretraining rather than
generic pretraining benefits, we conducted ablation experi-
ments comparing four conditions under documented pretrain-
ing and identical finetuning settings: (1) SynFrag with
fragment assembly pretraining, (2) SynFrag w/o (without
pretraining, random Xavier initialization as baseline), (3)
AttrMasking (Hu et al., attribute masking pretraining),61 and
(4) MolCLR (Wang et al., molecular contrastive learning
pretraining).62 All methods used the same AttentiveFP
backbone architecture and finetuning protocol.
SynFrag achieved the highest performance (Figure 4E,F),

with an AUROC of 0.934 on TS2 and 0.887 on TS3,
representing relative improvements of 2.50 and 3.13% over the
baseline, respectively. In contrast, MolCLR showed minimal
improvements (0.03% on TS2, 0.66% on TS3), and
AttrMasking exhibited slight negative transfer (−0.86% on
TS2, −0.97% on TS3). The learning curves revealed distinct
training dynamics: while MolCLR and AttrMasking showed
early improvements followed by plateaus around 50K
iterations, SynFrag demonstrated sustained improvement
throughout training, with AUROC continuing to increase in
later stages. This sustained learning trajectory suggests that
fragment assembly pretraining captures task-relevant structural
features that align more closely with the downstream objective
of SA prediction. The minimal or negative effects of
AttrMasking and MolCLR, methods validated on multiple
molecular property prediction tasks, highlight the task-specific
nature of pretraining benefits and underscore the advantage of

Table 2. Performance Comparison on Public Benchmark Test Setsa

data set model accuracy AUROC specificity PRAUC recall F-score threshold

TS1 SAscore 0.989 0.999 0.986 0.998 0.992 0.989 4.50
SCScore 0.608 0.641 0.518 0.585 0.698 0.641 3.10
SYBA 0.962 0.998 0.925 0.693 1.000 1.000 0.00
RAscore 0.919 0.981 0.970 0.692 0.867 0.874 0.50
GASA 0.987 0.999 0.975 1.000 0.999 0.987 0.50
DeepSA 0.995 1.000 0.990 1.000 1.000 0.995 0.50
BR-SAscore 0.831 0.999 0.662 0.999 1.000 0.855 5.00
SynFrag 0.997 1.000 0.995 1.000 1.000 0.997 0.50

TS2 SAscore 0.841 0.919 0.869 0.909 0.804 0.813 3.40
SCScore 0.449 0.373 0.071 0.341 0.954 0.597 2.30
SYBA 0.787 0.862 0.905 0.730 0.627 0.711 0.00
RAscore 0.751 0.865 0.950 0.726 0.485 0.630 0.50
GASA 0.796 0.876 0.885 0.840 0.677 0.740 0.50
DeepSA 0.838 0.913 0.911 0.904 0.730 0.795 0.50
BR-SAscore 0.827 0.925 0.774 0.902 0.898 0.816 5.00
SynFrag 0.869 0.940 0.912 0.929 0.817 0.839 0.50

TS3 SAscore 0.707 0.772 0.641 0.721 0.772 0.725 3.10
SCScore 0.511 0.425 0.046 0.443 0.977 0.666 2.20
SYBA 0.647 0.790 0.907 0.654 0.387 0.513 0.00
RAscore 0.701 0.790 0.831 0.654 0.571 0.620 0.50
GASA 0.760 0.849 0.874 0.812 0.645 0.729 0.50
DeepSA 0.817 0.896 0.881 0.912 0.753 0.804 0.50
BR-SAscore 0.804 0.869 0.702 0.819 0.905 0.822 5.00
SynFrag 0.820 0.894 0.891 0.869 0.762 0.806 0.50

aBold: best performance; italic: second-best performance. Threshold represents the cutoff value for binary classification. For SYBA, RAscore,
GASA, DeepSA, and SynFrag, molecules above the threshold are classified as ES; for SAscore, SCScore, and BR-SAscore, molecules above the
threshold are classified as HS.
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SynFrag’s synthesis-oriented pretraining strategy for SA
prediction.
3.2. Chemical Principle Validation of Model Predictions

To assess whether SynFrag predictions are grounded in
chemical reasoning rather than statistical correlations, we
examined relationships between SynFrag predictions and
molecular descriptors through distribution analysis and case
studies.64

Chiral center dependency showed hierarchical patterns
(Figure 5A). SynFrag prediction values decreased progressively
as chiral center counts increased, with all consecutive groups
showing significant differences (p < 0.001). This stepwise
decline aligns with synthetic chemistry principles: each

additional stereocenter typically doubles the number of
possible stereoisomers and increases stereoselective synthesis
complexity.65 However, the model assigned high scores to
Gwanakoside A (8 chiral centers, SynFrag = 0.5934),
consistent with established glycosylation methodologies66

that address stereochemical complexity in carbohydrate
synthesis67 (Figure 5C).
Molecular weight (MW) showed a statistically significant

but modest influence on predictions68 (Figure 5B). The small
effect size (Cohen’s d = 0.37) and substantial distribution
overlap indicate limited reliance on the molecular size. This
pattern reflects chemical reality: large biomolecules like
peptides and oligonucleotides can be synthesized through
building block assembly strategies,69 while some small

Figure 4. Performance evaluation on real-world scenarios and ablation studies. (A, B) Box plots comparing normalized prediction distributions
across eight methods on TSA (clinical drugs/intermediates, n = 2,062) and TSB (AI-generated molecules, n = 2,401). Blue: ES molecules; red: HS
molecules. Center line: median. Numbers below indicate Cohen’s d (orange values < 0.8 indicate relative weak separation). Statistical significance
by the Mann−Whitney U test;63 ***p < 0.001. (C, D) ROC curves for TSA and TSB. Dashed diagonal: random classifier (AUROC = 0.5) (E, F)
Finetuning dynamics in ablation study on TS2 and TS3 comparing four pretraining conditions. Blue: SynFrag (ours); red: SynFrag w/o (no
pretraining, baseline); green: MolCLR (contrastive learning pretraining); purple: AttrMasking (attribute masking pretraining). x-axis: finetuning
iterations.
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molecules with strained rings or reactive functional groups
present synthesis challenges.
Case validation examined four molecules with a ground-

truth label that challenge descriptor-based predictions (Figure
5C). Makaluvamine A71 (0 chiral centers, SynFrag: 0.0018) is
a minimal chiral centers molecule with HS prediction due to its
fused heterocyclic system.72 Gwanakoside A (8 chiral centers,
SynFrag: 0.5934) is a complex glycoside, but with ES
prediction, consistent with established synthetic method-
ologies. UBRO-153 (MW: 281.3 g/mol; SynFrag: 0.2973)
demonstrates that low MW does not ensure synthesis ease
when molecules contain densely functionalized heterocycles.
ELUX-91 (MW: 683.8 g/mol, SynFrag: 0.7801) shows that
large molecules composed of modular building blocks can have
high SynFrag predictions. These results indicate that
predictions emerge from learned synthesis patterns rather
than simple descriptor correlations.

3.3. Validation on Complex Polycyclic Scaffolds
A potential issue with SynFrag’s fragment-based pretraining is
whether complex ring systems, although preserved as intact
fragments during pretraining, pose substantial total synthesis
difficulty and would be misclassified as ES. To address this, we
validated SynFrag on steroid compounds, whose tetracyclic
steroid cores exist as intact fragments in the fragment
vocabulary.
SynFrag’s prediction results on 404 steroid compounds

(Figure 5D, Table S9) showed consistently low scores (mean =
0.205; median = 0.187), with 98.3% of compounds classified as
HS. This indicates that SynFrag does not systematically
misclassify such compounds as ES merely because their
complex polycyclic scaffolds exist as intact fragments in the
pretraining fragment vocabulary. Two representative cases
supported by a well-documented total synthesis were selected
for further illustration (Figure 5E). Cortistatin A, a marine
steroidal alkaloid featuring a unique 9(10−19)-abeo-andros-
tane skeleton and an oxabicyclo [3.2.1]octene motif, required

Figure 5. Chemical rationality validation and analysis. (A, B) Violin plots showing SynFrag prediction distributions across descriptors (TSA &
TSB, n = 4,463). White dots: SynFrag predictions; dashed lines: mean trends. (A) by chiral center counts. Kruskal−Wallis test followed by Dunn’s
posthoc test with Bonferroni correction;70 ***p < 0.001 for all consecutive comparisons. (B) Distribution by MW. Independent samples t test,
***p < 0.001, Cohen’s d = 0.37. (C) Cases about SynFrag predictions are based on chemical principles rather than simple descriptor correlations.
(D) Distribution of SynFrag predictions for 404 steroid compounds. Red bars: HS (≤0.5); green bars: ES (>0.5). Dashed lines indicate threshold
(0.5), mean (0.205), and median (0.187). (E) Representative cases of synthetically challenging steroids with documented total syntheses:
Cortistatin A (SynFrag = 0.0610; ≥ 16 synthetic steps) and Ouabagenin (SynFrag = 0.0629; ≥ 19 synthetic steps).
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Figure 6. Synthesis difficulty cliff identification and multistep routes assessment. (A) Three pairs of molecules with high similarity but opposite SA.
Red: HS, green/red shadow: structures responsible for SA divergence. (B) Predictions comparisons for three pairs across eight methods, y-axis:
each model’s prediction (threshold see Table 2) (C) Normalized predictions (1 = ES, 0 = HS) for atogepant and its 9 synthetic intermediates.
Inset: SynFrag attention weight heatmap for atogepant; shadow colors indicate contribution to prediction. High-attention area corresponds to key
reactive sites in atogepant’s synthesis route.
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Figure 7. SynFrag web platform interface. (A) CSV file upload interface accepting SMILES strings (up to 250,000 molecules per submission). (B)
Results page with download options. Generated links can be shared for accessing results and attention heatmaps. Email results is optional. Results
table shows Index, SMILES, SynFrag scores, and Status. Summary statistics show total and successful predictions and average scores. (C)
Interactive attention heatmap showing atom-level contributions, alerting users to potential challenges in specific structural synthesis. (D) CASP
tools integration for retrosynthesis route planning.
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≥16 synthetic steps in multiple groundbreaking total synthesis
studies;73 SynFrag scores it 0.061, correctly classifying it as HS.
Ouabagenin, one of the highly oxygenated cardenolides with
six hydroxyl groups and one β-oriented butenolide, is a highly
challenging synthetic target that requires ≥19 steps via
different synthetic routes.74 SynFrag assigned it a score of
0.063 and correctly classified it as HS.
We speculate that this robustness originates from SynFrag’s

multilevel learning strategy: AttentiveFP captures atom-level
features including stereochemical characteristics and functional
group contexts, while the autoregressive assembly task is
responsible for learning fragment connectivity patterns. These
components work synergistically, enabling SynFrag to evaluate
SA based on the complete molecular context rather than
fragment occurrence frequency.
3.4. Identification of Synthesis Difficulty Cliffs in Lead
Optimization

AI models for lead optimization enable automated generation
of structural variants, typically through R-group substitutions.75

Such modifications play a key role in medicinal chemistry, yet
many AI-generated proposals do not consider SA. Small
functional changes can create“synthesis difficulty cliffs” that are
not typically detected by current generative frameworks.76 The
practical utility of AI-designed analogs depends on whether
these cliffs can be identified, requiring SA models to capture
accessibility changes arising from minor substituent variations.
We analyzed cases from our in-house compound collection

where molecules with high structural similarity exhibit
divergent SA profiles. Three pairs were selected (Tanimoto
similarity:77 0.8596, 0.833, 0.8571), each representing distinct
chemical principles underlying synthesis difficulty (Figure 6A):
(1) pair a-b: N−N bond instability arising from lone pair
repulsion;78 (2) pair c-d: distance-dependent carbonyl
induction effects,79 where increased separation in d weakens
nucleophilic site activation; (3) pair e-f: steric hindrance from
the larger bridged ring in f combined with a shorter chain.
Notably, these molecular pairs have comparable reagent
availability profiles, allowing the practical synthesis difficulty
differences to be primarily attributed to intrinsic structural
factors.
Results (Figure 6B) show that SynFrag correctly distin-

guished all three pairs: a-b (0.7520 vs 0.1450), c-d (0.7384 vs
0.3194), and e-f (0.6856 vs 0.2837). In contrast, other
methods showed limited performance: RAscore and DeepSA
succeeded only on pairs a-b, while BR-SAscore, GASA, SYBA,
SCScore, and SAscore failed across all cases. These results
demonstrate that SynFrag captures how subtle structural
variations influence SA, complementing reagent availability
considerations in practical synthesis planning.
This capability partially addresses a key challenge in AI-

driven lead optimization. Existing SA models often lack
sensitivity to detect fine-grained synthesis cliffs, while CASP
tools require substantial computational time that limits large-
scale application. SynFrag provides subsecond predictions with
the ability to distinguish structurally similar molecules differing
in synthetic difficulty. This ability enables efficient filtering of
synthetically problematic variants during high-throughput
screening, potentially increasing chemists’ willingness to
synthesize AI-generated candidates. For screening AI-gener-
ated libraries, SynFrag thus represents an intermediate
approach between rapid but less sensitive traditional SA
models and accurate, but time-consuming, CASP tools.

3.5. Synthesis Complexity Assessment in Multi-Step
Routes and Attention Mechanism Analysis

Assessment of relative SA among intermediates in multistep
synthetic routes is a challenge in medicinal chemistry,
influencing synthesis strategy optimization.80 SynFrag showed
a performance on the TSA test set, which contains drugs and
their synthetic intermediates. This supports applicability to
drug discovery scenarios and the ability to discriminate SA
differences among intermediates. We analyzed the synthesis
route of atogepant33,81 as a case, encompassing reaction types
including Knoevenagel condensations, nucleophilic substitu-
tion-based heterocycle construction, and amide bond for-
mation.
Normalized predictions showed different model behaviors

(Figure 6C). SynFrag exhibited a monotonic decline from 1.0
(initial reactant) to 0.28 (atogepant), capturing progressive
complexity accumulation through ring formations, stereo-
centers, and functional modifications. The transition from
intermediate 6 to 7 (6th step, intramolecular nucleophilic
substitution forming a cyclic structure) showed a notable
prediction decrease in SynFrag, consistent with increased
synthetic complexity at this cyclization step. SCScore showed
similar trends (0.79→0) with a decrease at the 6th step but a
fluctuation at intermediates 5−6. In contrast, BR-SAscore
displayed reversals, dropping at intermediate 4 and then
recovering, indicating limitations of the traditional fragment
frequency method. DeepSA maintained near-zero predictions
(0.12→0.002) with limited discrimination between intermedi-
ates, suggesting that the SMILES sequence representation-
based model has limitations for intermediates analysis in
multistep routes.
Attention weight analysis examined correspondence with

key reactive sites.82 Attention heatmap for atogepant (Figure
6C inset) shows high attention weights at atoms 27 and 28
(3rd step, Knoevenagel reaction),83 atom 21 (6th step,
intramolecular nucleophilic substitution),84 atoms 17 and 34
(7th step, carbonylation), atom 26 (8th step, hydrolysis
deprotection), and atoms 5, 14, 15, 16 (9th step, amide
condensation).85 This correspondence between attention
patterns and key reactions86,87 suggests SynFrag predictions
incorporate information about chemical reactivity and
structural sensitivity.
The fragment assembly pretraining approach enabled

SynFrag to capture incremental changes in synthetic complex-
ity similar to synthetic-route-based SCScore and CASP tools,
supporting SA prediction based on structural assembly
patterns.
3.6. SynFrag Online Prediction Platform

To facilitate practical applications in drug discovery, we
developed an open-access web platform for batch SA
prediction. The platform accepts CSV files containing SMILES
strings and returns SynFrag prediction scores with attention
weight visualizations (Figure 7). Enable high-throughput
screening, given that it is tens of thousands of times faster
than CASP tools. For users requiring detailed retrosynthetic
analysis, the platform provides integration with AiZynthFinder
and SYNTHIA,7,88 allowing transition from rapid SA screening
to comprehensive route planning.

5. CONCLUSIONS
This study presents SynFrag, a molecular synthetic accessibility
(SA) prediction model using fragment assembly autoregressive
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generation pretraining. Through self-supervised learning on
9.18 million unlabeled molecules, SynFrag learns fragment
connectivity patterns relevant to SA.
Evaluation across multiple test sets showed consistent

performance. The model achieved great performance on the
public test set (TS1−TS3), AUROC 0.945 on clinical drugs
and intermediates (TSA) and 0.889 on AI-generated molecules
(TSB). SynFrag provides subsecond predictions for high-
throughput screening. The model distinguishes synthesis
difficulty cliffs, where minor structural changes alter SA,
which is relevant for lead optimization. Attention mechanisms
show correspondence with key reactive sites, suggesting that
predictions incorporate chemical reactivity intuition.
The web platform provides batch prediction with attention

visualizations and integration with the CASP tools. This
combination of prediction speed and interpretability addresses
two scenarios in drug discovery: screening large AI-generated
libraries for SA and evaluating complexity progression in
multistep synthetic routes.
Considering the limitations of current SA assessment, future

research can be carried out in the following directions:
integrating commercial databases to incorporate reagent
availability as a decisive factor; improving ES/HS annotations
beyond synthetic step counts, such as yields and costs;
constructing models for multiple SA-influencing metrics via
multitask learning frameworks; and performing fine-grained SA
prediction based on first-principles, such as predictions of
reaction energy changes and reaction energy barriers.
As AI-driven molecular generation continues to develop,

SynFrag represents an advanced attempt to bridge the gap
between computational design and laboratory synthesis in drug
discovery. SynFrag provides predictions at speeds suitable for
large-scale screening while maintaining interpretability via
attention mechanisms. Integrating this model with generative
models enables SA-aware molecular design; coupling it with
automated synthesis platforms can accelerate the experimental
validation process.
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