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My research explores the intersection of deep learning, bioinformatics, and
cheminformatics, with a focus on advancing the identification of small
molecules in two key scenarios. The first involves predicting tandem mass
spectra and other molecular properties from 3D structures, addressing
gaps—often referred to as the ”dark matter”—in existing spectral reference
libraries. The second approach moves beyond the traditional reliance on
database-driven methods by predicting chemical formulas directly from
tandem mass spectra. Additionally, I am passionate about developing
reliable and interpretable neural networks for real-world applications.
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ChirBase

ChirBase (Chemical Database of Chiral HPLC/SFC Separations) was
created in 1988 and has been internationally recognized for over 25 years.
The database contains a collection of 306,989 chiral HPLC/SFC
separations extracted from literature and patents. All the data are checked
by experts.
Chemical structure search (Exact, Substructure, Similarity) can be
performed as well as simple or complex searches on other fields such as:

Compounds: Chemical Structure, IUPAC name, trade name, specific
optical rotation, absolute configuration...

Literature references

Chromatographic conditions: mobile phase, temperature, flow rate,
detection...

Chiral Stationary phases: Chemical structure, column size, trade
name, supplier...

Chromatographic data: elution order, retention times,
enantioselectivity, resolution...
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ChirBase (cont.)

Figure: ChirBase Screen.

Please check the website of ChirBase for more details:
https://chirbase.u-3mrs.fr/.

https://chirbase.u-3mrs.fr/
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Data Prepossessing

Building on previous studies, we
selected 18 CSPs from 1603
chiral columns with sufficient
experimental data
[Sheridan, 2016]. The model was
cross-validated on this training
set and evaluated on an
independent test set of 6 CSPs
from CMRT [?].

We limited the atom count in
each compound to 300 to focus
on small molecules, retaining only
those composed of common
atoms (C, H, O, N, F, S, Cl, P,
B, I, Br).

Figure: Number of compounds with
the experimental data of 18 different
CSPs available in ChirBase and
CMRT.
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Discretization of Enantioselectivity Values

Enantioselectivity value, also known as the ratio of retention factor, is
defined as:

α =
k2
k1

=

tR−tM2
tM2

tR−tM1
tM1

(1)

where tR denotes the time the analyte spends in the stationary phase and
tM denotes the retention time for an unretained analyte.

Figure: Four classes (denoted as Class 0, 1, 2, and 3, respectively) of compounds
are defined based on their α values for the brush-type or the polymer-based CSPs.
Between these two types of CSPs, the fraction of compounds in the four classes is
10–15, 20–30, 45–55, and 10–15%, respectively.
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Architecture of Neural Network

Figure: Architecture of neural network for tandem mass spectra prediction from
3D molecular conformations.
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General Idea of Neural Network on Point Sets

Figure: Point set encoding of a compound, in which each atom in the compound
is encoded as a vector of 22 dimensions, representing the x−, y−, and z−
coordinates and other attributes of the atom.

f ({x1, x2, ..., xn}) ≈ g(b(x1), b(x2), ..., b(xn)) (2)

where f is the representation function on the input point set, which is from
the elemental operation b on each element xi in the point set through an
aggregated function g .
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Elemental Convolution on 3D Conformation

In 3DMolConv 1.0, the elemental operation is:

x l+1
i = x l

i +
∑

j∈N (x li )

d(x l
i , x

l
j )W

l
1 ◦ ϕ(x l

i , x
l
j )W

l
2 (3)

where ◦ represents the element-wised multiplication, W l
1 represents the

learnable filter on distance, W l
2 represents the filter on direction, and x l

j

represents one of the k-nearest neighbors of point x l
i . The distance

between two points xi and xj is computed as d(xi , xj) = ||xi − xj ||, and the
angle between the point vector xi and xj is computed as
ϕ(xi , xj) =

∑
k∈N (xi )

eTij eik , where eij = xT
i xj .

In 3DMolConv 2.0, we improve the filter on the direction. Then the
elemental operation is:

x l+1
i = x l

i +
∑

j∈N (x li )

d(x l
i , x

l
j )W

l
1 ◦ [x l

j ||ϕ(x l
i , x

l
j )] (4)

where || represents concatenation of two vector.
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Workflow of building 3DMolCSP-TL

Figure: Workflow of building the 3DMolCSP-TL model using the transfer learning
approach. To build the 3DMolCSP model from scratch (i.e., the independent
learning approach), we follow the flow in the right panel only.
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Prediction of CSP Enantioselectivity

Figure: Performance of 3DMolCSP for Enantioselectivity Prediction.
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Prediction of CSP Enantioselectivity (cont.)

Figure: Comparison of 3DMolCSP-TL and the State-of-the-Art ML Model for
Enantioselectivity Prediction.
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Assistance in CSP Selections

Assume we have some available compounds, and for each compound, there
are several column options. Can our model help us choose the optimal
column?

Figure: Prediction of potentially optimal CSP. The accuracy was evaluated on the
compounds resolved by (i.e., falling into Class 2 or Class 3) more than one CSP in
ChirBase. (a) Number of compounds whose best enantioseparation is achieved by
each CSP. (b) Top-k (k = 1, 2, and 3) accuracy for the potentially optimal CSP
prediction. The colored lines represent the accuracy of compounds in each CSP,
while the black solid line represents the average predicted accuracy.
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Prediction of Enantiomers’ Elution Orders

We extracted the elution orders of enantiomeric pairs from ChirBase,
retaining only those with high enantioselectivity (Class 2, Class 3). In total,
we collected 5094 pairs for Chiralpak AD, 7173 for Chiralcel OD (Lux
Cellulose-1), 662 for Chiralpak IA, and 513 for Chiralpak IC (Lux
i-Cellulose-5).

Figure: AUC-ROC curve of elution order prediction. The CSP names are
shortened, AD: Chiralpak AD, IA: Chiralpak IA, IC: Chiralpak IC (Lux
i-Cellulose-5), and OD: Chiralcel OD (Lux Cellulose-1).
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In this work, a neural network based on molecular 3D
conformations is proposed, capable of predicting
enantioselectivity on CSP columns.

The prediction of enantioselectivity can assist in the
selection of CSP columns.

Since the neural network is geometrically complete, it can
also predict the elution order of enantiomers.
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