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ABSTRACT

The rapid advancement of computational drug discovery has enabled the generation of vast virtual
libraries of promising drug candidates. However, evaluating the synthetic accessibility (SA) of
these compounds remains a critical bottleneck. While computer-aided synthesis planning (CASP)
tools can provide synthesis routes to the candidate, their computational demands make them im-
practical for large-scale screening. Existing rapid SA scoring methods, struggle to generalize to
out-of-distribution molecules and do not account for economic viability. To address these chal-
lenges, we present MolPrice, an accurate and reliable price prediction tool. By introducing a novel
self-supervised learning approach, MolPrice achieves robust generalization to diverse molecular
structures of various complexities. Our comprehensive analysis of model architectures and mo-
lecular representations reveals that substructure-based features strongly correlate with market
prices, supporting the relationship between synthetic complexity and economic value. MolPrice
performs well on the standard literature SA benchmark, showcasing its ability for SA estimation.
MolPrice thus serves as both an accurate molecular price predictor and a rapid synthetic accessi-
bility assessment tool, enhancing the efficiency of modern drug discovery pipelines.
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INTRODUCTION

Generating promising compounds for drug discov-
ery has become increasingly efficient. With the emer-
gence of several open-source tools [1], one can design a
whole library of thousands/millions of molecules with de-
sired physical properties in hours.

However, taking these molecules from the virtual li-
brary to laboratory testing is a major challenge. This is
because the virtual compound needs to be synthesized
first, which is costly and time-consuming. Finding syn-
thesis pathways from known building blocks to virtual
molecules is a laborious process known as retrosynthe-
sis. Within the past decade, researchers have developed
computer-aided synthesis planning tools (CASP) [2] that
automate retrosynthetic planning. Whilst these tools are
powerful, they are still too slow (~0.5 minutes per mole-
cule). As molecular design routines require a large num-
ber of molecular evaluations, CASP tools do not scale [3].
For example, to screen a library of 1 billion molecules
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within hours, the time scale should be in ms per molecule.

To overcome this issue, researchers have devel-
oped efficient scoring systems that can evaluate mole-
cules for synthetic accessibility (SA) within milliseconds.
The scoring systems classify molecules as either easy-
to-synthesize (ES) or hard-to-synthesize (HS). ES mole-
cules are proceeded for further analysis and HS are usu-
ally discarded. Calculated SA scores are based on i) com-
plexity-based indicators [4,5] or ii) retrosynthetic analy-
sis [3,6]. Complexity-based models calculate a score de-
pending on structural indicators such as the pres-
ence/absence of functional groups and the number of
stereocentres in the molecule [4]. Retrosynthetic-based
models predict the output of the slower CASP tool. For
example, Thakkar et al. [6] attempt to predict whether
the CASP tool can successfully find a synthesis route to
the molecule. Whilst both methodologies have their mer-
its, they face a significant limitation: the inability to gen-
eralize to out-of-distribution molecules. Furthermore, the
scoring system is either based on binary classification or
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a user-defined scale, lacking physical interpretation.

Inspired by Sanchez-Garcia et. al. [7], we propose
to assess the synthetic accessibility of a molecule based
on its market price. The authors were the first to draw a
connection between SA and molecular price. The price
prediction model (CoPriNet) presented in [7] accurately
recalls the price of purchasable, ES molecules. Similar to
other scoring systems, their model fails to generalize to
out-of-distribution molecules. In particular, the model is
prone to assign a similar price range to both ES and HS
molecules. In short, their model cannot distinguish mo-
lecular complexity and cannot be used for SA scoring.

This work aims to overcome these challenges by in-
troducing MolPrice, a fast predictive model for molecular
price. Using a new self-supervised training methodology,
MolPrice learns to distinguish purchasable (ES) mole-
cules from hard-to-synthesize (HS), out-of-distribution
molecules. Through systematic analysis of different
model architectures and molecular representations, we
demonstrate that features capturing substructures
strongly correlate with market prices, supporting the fact
that synthetic complexity is reflected in economic value.
MolPrice can thus be used as an initial starting point for
economic analysis (market price of product — reactants).

Finally, MolPrice can be used as an accurate tool for
molecular price prediction and as an SA estimation for
virtual screening or molecular generation.

METHODOLOGY

Model Development

Data Source

The data was provided by Molport as a snapshot of
their purchasable database from March 2024. The data-
base consists of over 5M molecules with their corre-
sponding price in USD per unit weight. Molport provides
several prices (by different suppliers) for a range of
weights. The first step to obtain a robust dataset s to find
a single price value per molecule. We follow the steps be-
low to obtain this database:

1. Molecules that cannot be read by RDKit [8] are fil-
tered out.

2. For each molecule, all corresponding prices are con-
verted from USD per weight to USD per mmol.

3. For each molecule, the lowest price is obtained in
USD per mmol.

4. The prices are converted to a logarithmic scale for
model training [7].

5. Finally, molecules with a price < 2 USD/mmol on the
logarithmic scale are removed (these are mostly sta-
bilizing salts in solution or metals)
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The final dataset is plotted in Figure 1.

We acknowledge that over time new molecules may
be added to the database. In that case, one can simply
retrain the model in a matter of minutes (as outlined in
Results and Discussion).

For self-supervised learning, the HS molecules da-
taset is obtained from Yu et. al. [9] consisting of 400K
molecules.

Frequency (%)
N w £ w

-

2 4 3 8 10 12
log Price ($/mmol)

Figure 1: Distribution of price dataset

Model Details

One can use a variety of models for molecular prop-
erty prediction, the best depending on the specific use
case. We screened different molecular featurization
schemes and model architectures to select the most ac-
curate and robust model. Particularly, in case of molecu-
lar featurization, it is interesting to explore the features
that capture the relationship between price and molecule
best. This way, we are posing the question whether func-
tional groups or larger molecular moieties determine the
economic value of a compound. Below we outline the
tested model featurization:

= Molecular Fingerprints encode the 2-dimensional
molecule in a bit vector. Each bit in the vector
indicates the presence or absence of a molecular
substructure. Various fingerprint generation
algorithms exist. We select four popular
algorithms: Morgan (ECFP), Atom-pair, Topological
torsion (all three provided by RDKit) and MinHash
(Mhfp) [10]. Morgan and Mhfp focus on the
circular environment around atoms. Atom-pair
considers pairs of atoms and the shortest path
between them. Topological torsion considers
sequential patterns. One could argue that
Morgan/Mhfp best represent functional groups
(FGs), atom-pair captures the overall shape of the
molecule and topological torsion captures the
backbone patterns. The reader is referred to the
sources for more detailed information [8,10]. The
various fingerprints are then used as input to a
multilayer perceptron (MLP).

= 2D Graphs include the connectivity between
atoms in our modelling approach, we explore the
direct use of the 2D molecular graph. The graph

1745



features include descriptors for nodes (atom) and
edge (bond) features. We use the graph model
presented in [6] as the graph neural network
(GNN) and as the literature baseline within the
results.

= SMILES is a text-based representation of a
molecule. We explore both the vanilla Transformer
and a pre-trained RoBertA model by DeepChem
[11]. As a note, the SMILES is tokenized per atom
basis.

= Functional Groups are features that are
constructed through the extended functional
groups (EFG) algorithm [12]. Intuitively, EFGs are
substructures in the molecule characterizing
functionalization such as alcohols, ketones,
amides. As molecules have different number of
EFGs (different input length), a long-short term
memory (LSTM) is a natural modelling choice. As
an alternative, one could also construct an EFG
fingerprint and use an MLP. This will be
investigated in the future.

All models are trained on the MSE loss:
L=230i— 9% (1)

where y; and y are the ground-truth labels and model
output, respectively and M is the dataset size. The re-
gression models are compared using mean squared error
(MSE), coefficient of determination (R?), Spearman’s cor-
relation coefficient (rs) and most importantly, inference
time. The selection of time as an evaluation criterion fol-
lows naturally from previous arguments; the purpose of
SA scoring systems is to perform large numbers of eval-
uations. The Molport dataset is split into 90/5/5 portions
for training/validation/testing. This leaves ~500k mole-
cules for validation and testing.

Self-Supervised Learning

Following model training, the model is still unlikely to
generalize to unseen, complex molecules. This is be-
cause all molecules in our database are purchasable orin
other words, easy to synthesize. Molecules which are not
synthesizable (HS) generally will not have a price label
since they are not offered by suppliers.

To allow our model to learn price labels for the HS
molecules, we use a contrastive learning approach. Par-
ticularly, the approach is based on two principles:

First, assuming the model has learnt a good correla-
tion between the latent molecule representation and the
price, we only need to focus on learning the latent repre-
sentation of the HS molecules. Herein, we define the la-
tent representation as the final vector in the model, prior
to the readout function. The readout function f is defined
as f(RN) — R, that is the function that converts the
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latent representation into the price output. A visual ex-
planation is shown in Figure 2. Following on with this as-
sumption, we freeze the parameters (weights) in the
readout function during self-supervised learning. In other
words, the only parameters that can be updated during
the training, are the parameters that compute the latent
representation, prior to the readout function.

Second, we assume that each dimension of the la-
tent representation follows a Gaussian distribution. The
assumption is reasonable as the price distribution of the
model output (Figure 3a) is approximate Gaussian (by
visual inspection). Using these two principles, we define
the loss function for self-supervised learning as:

1 . 1
L= MZiEES(yi -9+ 5 Yo H;, (2)
20Es i0 (u u )2
_ [2omsjousi oo (_q 4 PEsimias)
H; = Ops,j2+ ons i eXp( 1/4 Ogs,i?+ fTHs,jz) ’ (3)

where H; is the analytical Hellinger distance computed
vj €{1,..,N} with N being the latent vector size for
Gaussian distributions. In short, the Hellinger distance
enforces a separation in the latent representation of ES
molecules versus HS molecules. The Hellinger distance
tends to a minimum of zero when the ES distribution
N (Ugs,j, 0gs,j) does not overlap with the HS distribution
N (uys,j» ous,j)- Since the parameters of the readout func-
tion are not updated during training, a different latent
vector representation for the HS molecules should lead
to a different price. The first term in Eq. 2 is the MSE loss
computed over the set of ES molecules and therefore
acts as a regularisation term. 4 is a hyperparameter and
was set to a low value of 0.05 by default. By scaling the
loss of the Hellinger distance, we do not permit the model
to perform poorly on the initial price prediction task. Intu-
itively, if the two loss terms in Eq. 2 are not conflicting,
we should obtain an accurate model for price prediction
as well as a model that can distinguish ES from HS mole-
cules.

O Latent Vector

Readout Function

Figure 2: Toy example with a latent vector of 3D (N=3).
Parameters of the readout functions are frozen.

It is to be noted that there is no theoretical guaran-
tee that the predicted price for the HS molecules will be
larger than the predicted price of the ES molecules. This
1746



Table 1: Results for different model architectures and molecular featurization schemes on the hold-out test set.
The metrics include mean squared error (MSE), coefficient of determination (R?), Spearman’s correlation coeffi-
cient (rs) and inference time in ms (per single cpu core per molecule)

Architecture Feature/Model Type MSE ({) RZ (M rs(T) Inference Time
(ms/mol)

Atom pair 0.58 0.72 0.84 1.4

MLP Topological 0.61 0.71 0.84 1.4
Morgan 0.51 0.76 0.88 1.4
Mhfp 0.50 0.76 0.88 1.4

GNN (CoPriNet) 2D Graph 0.52 0.74 0.85 21.5

Transformer SMILES (Vanilla) 0.88 0.58 0.72 411
SMILES (RoBERTa) 0.58 0.72 0.85 291

LSTM EFGs 0.62 0.70 0.82 3.6

is because we do not incorporate price labels for the HS GNN and MLP.

molecules and solely rely on the contrastive loss (Eqg. 2)

To verify that MolPrice has effectively learnt the dif-
ference between ES and HS molecules, we compare its
performance to classical SA scoring systems on the test
dataset TS1-3 provided in [9], the standard for compar-
ing SA scoring tools.

RESULTS AND DISCUSSION

Price Prediction

The results for price prediction on the test set are
shown in Table 1. Analysing the performance metrics, the
neural network (MLP) with Morgan/Mhfp featurization
performs best in terms of MSE, R? and rs. Particularly, the
Morgan/Mhfp featurization is preferred over the two
other fingerprints tested (Atom pair and Topological).
This can be explained by considering the fingerprint con-
struction algorithm: Both Morgan/Mhfp fingerprints are
constructed through circular environments around atoms
in the molecule. This featurization resembles functional
group (substructure) encoding. On the other hand, atom-
pair and topological torsion fingerprints consider the se-
quential order of atoms in a molecule and fail to fully cap-
ture fine-grained details such as functional groups.

The GNN model (CoPriNet) is seen to nearly match
the fingerprint MLP models. Possibly this can be ex-
plained by comparing the internal model workings: Par-
ticularly, the message-passing operation commonly used
in GNNs is similar to the circular encoding algorithm (for
fingerprint construction). Thus, both model architectures
share a certain degree of knowledge.

As expected, the pre-trained Transformer (RoB-
ERTa) model performs better than its vanilla counterpart.
The pre-training allows the model to learn the SMILES
language prior to the downstream prediction task. Nev-
ertheless, both SMILES-based models fail to outperform
the GNN or fingerprint MLP. As SMILES are tokenized per
atom basis, the model is not aware of molecular sub-
structures, a piece of information available to both the
Hastedt et al. / LAPSE:2025.0432
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Finally, the extended functional group (EFGs) LSTM
is seen to perform acceptably. We believe that the LSTM
fails to construct a good latent representation of the mol-
ecule due to the sequential input of the EFGs. Instead of
using an LSTM, it may be worth constructing a new fin-
gerprint based on EFGs and using an MLP as the model.

Last, a very important factor not yet discussed is the
model’s inference time. For example, if one wants to
screen a database of 1 billion molecules and the scoring
takes 1 second per molecule, it would take ~30 years to
screen the entire database. From Table 1, we see that the
MLP is favourable with a quick inference time of 1.4 ms
per molecule (tested on an Intel vPro i9 laptop cpu). The
same database could now be screened within 12 days.
Both the literature GNN (CoPriNet, literature model) and
Transformer models take 20-40x longer for the same
task. This is because both models perform a large num-
ber of matrix multiplication operations, whereas the MLP
only performs 3 overall. The training time of the MLP lies
within 30 minutes, whereas both the GNN and Trans-
former model takes several days, rendering training on a
new dataset computationally intensive.

The detailed analysis of different molecular featuri-
zation highlights that features capturing substructures
correlate well with market prices (Morgan, Mhfp, GNN).
This finding underscores the relationship between mo-
lecular complexity and market price.

Learning Synthetic Accessibility

The top two performing models (Mhfp and Morgan)
provide the starting point for self-supervised learning.
Figure 3 shows the predicted price for both ES and HS
molecules before and after self-supervised learning for
the Morgan fingerprint. For both Morgan and Mhfp fin-
gerprints, the algorithms learn to assign prices to HS mol-
ecules that are different to the ES, purchasable molecule.
Empirically, we observe that the model prefers to assign
a higher price range to the HS molecules compared to the
ES molecules. This is desired, but as outlined previously,
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Figure 3: Distributions of ES/HS molecules predicted by MolPrice for Morgan fingerprint. The degree of distribution
separation is measured through the Matthews correlation coefficient (MCC).

there is no mathematical guarantee for this observation.
Statistically, the separation between the ES and HS
distribution is confirmed in the table below:

Table 2: Statistics on HS/ES classification and Price

Fingerprint MCC (1) AUC (D) R? (1)
Morgan 0.86 0.97 0.54
Mhfp 0.89 0.98 0.73

In Table 2, the distribution separation is measured
using Matthew’s correlation coefficient (MCC) and area
under receiver operating characteristic curve (AUC).
These two metrics indicate how well MolPrice can distin-
guish between ES and HS molecules (a binary classifica-
tion problem). The Mhfp fingerprint slightly outperforms
the Morgan fingerprint in both metrics.

More importantly, for the Morgan fingerprint, the
MSE loss and Hellinger distance separation were seen to
have conflicting objectives. To obtain a higher AUC, the
hyperparameter 1 in Eq. 2 was set to a higher value. This
came with a decrease in the accuracy of price prediction
for the ES dataset as shown by a lower R? compared to
Table 1. For the Mhfp fingerprint, the R? only slightly de-
creased from 0.76 to 0.73. From Table 2, we can deduct
that the MLP along with the Mhfp fingerprint results in an
accurate price prediction as well as a SA scoring tool.

Comparison to other SA scoring tools

To confirm that MolPrice is indeed a competitive SA
scoring tool, we benchmarked and compared MolPrice to
other state-of-the-art SA tools. This analysis is shown in
Table 3. From the table, it is seen that MolPrice performs
competitively compared to other SA screening tools. Only
GASA outperforms MolPrice on the test datasets apart
from TS3 - accuracy. While MolPrice is not the top per-
forming model, two things should be kept in mind when
analysing the results:

1. GASA and other models were exclusively trained for
SA scoring, i.e., the only objective given to the
model is the binary classification between ES and
HS molecules. MolPrice has to balance between
predicting accurate labels for the price as well as
learning the difference between the two molecule

groups

The test sets TS2 and TS3 were curated by using a
CASP tool. In short, the HS molecules are labelled as
hard-to-synthesize if the CASP tool fails to return a
synthesis route for the molecule. It is to note that
CASP tools are not perfect and highly depend on the
database that it was trained on. Given this, it could
be that some molecules that were labelled as ES are

Table 3: Comparison of our model MolPrice to other, commonly used SA tools. The test datasets are obtained
from [9]. For TS1-3, the area under receiver operating characteristic curve (AUC) is reported as well as the accu-
racy for TS3. The best performance is highlighted in bold, the second best in italics.

Model TS1 (AUC) TS2 (AUC) TS3 (AUC) TS3 (Acc)
GASA [9] 0.999 0.881 0.850 0.759
SCScore [5] 0.881 0.487 0.575 0.511
SAScore [4] 0.989 0.919 0.772 0.664
RAScore [6] 0.919 0.865 0.790 0.701
MolPrice (ours) 0.991 0.871 0.833 0.771
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actually HS and vice versa.

Given above, it is fair to conclude that MolPrice per-
forms well on these benchmarks. We plan to extend SA
testing in future works on case studies as outlined in the
next section to solidify the use case of MolPrice of mo-
lecular generation and screening.

CONCLUSION AND OUTLOOK

In this work, we present MolPrice, an accurate tool
for both price prediction and synthetic accessibility
measurement. MolPrice is based on the Mhfp fingerprint
and a fast-to-evaluate MLP, which were carefully se-
lected after exploring a range of model architectures and
molecule featurization schemes. Through this explora-
tion, we discovered the importance of molecular sub-
structures for predicting prices, supporting the notion
that molecular complexity is reflected in economic value.

By introducing a new contrastive learning approach,
we steer MolPrice towards molecules that are out-of-dis-
tribution and/or complex.

In the future, we will test MolPrice on different case
studies. These case studies will range from multi-objec-
tive virtual screening [13] to molecular generation such
as in [3]. Furthermore, we want to include MolPrice di-
rectly as guidance in retrosynthesis planning. In short, we
are interested to see whether MolPrice can steer the syn-
thesis search towards economically viable routes and/or
speed up the convergence of the CASP tool.

DIGITAL SUPPLEMENTARY MATERIAL

MolPrice is hosted on GitHub and usable through
https://github.com/fredhastedt/MolPrice
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