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Late-stage Functionalization (LSF)

p38α MAP Kinase Inhibitor

1 2

Ki > 2500 nM Ki = 12 nM

J. Med. Chem. 2012, 55, 9, 4489
J. Med. Chem. 2023, 66, 8, 5305

“Methyl Effect”

Antimalarial

3 4 (Chloroquine)

IC50 = 1060 nM IC50 = 37 nM

“Chloro Effect”
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Late-stage C-H Functionalization

(A) Fluorination

5 6
yield 40%

(B) Oxidation

7 8
yield 90%
ee 94%

9 10 11
yield 31% yield 55%

12 13

(C) Methylation

(D) Halogenation

Angew. Chem. 2014,126, 4778 J. Am. Chem. Soc. 2023, 145, 29, 15742

Nat. Chem. 2020, 12, 511

Nat. Catal. 2021, 4, 385
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Late-stage C-H Functionalization

Limitations

➢ Rare reports

➢ One single reaction type

Reaction features

➢ Various types of C-H bonds

➢ Different bond strengths

➢ Electronic properties

➢ Steric properties

➢ FG environment

C-H Borylation

Guidelines?
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Deep Learning & High-
throughput Experimentation (HTE)

Guidelines Deep Learning

Regression & Prediction

Samples HTE

Learning Method——Graph Neuro Network (GNN)

Nodes

Edges

Graph

1

2

3
4

5

6

7

8

1 2 3 4 5 6 7 8

1 0 1 0 0 0 1 0 0

2 1 0 1 0 0 0 1 0

3 0 1 0 1 0 0 0 0

4 0 0 1 0 1 0 0 0

5 0 0 0 1 0 1 0 0

6 1 0 0 0 1 0 0 0

7 0 1 0 0 0 0 0 1

8 0 0 0 0 0 0 1 0

Adjacency 
Matrix
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Overview of this study

Process:

➢ Select conditions;

➢ Select substrates;

➢ HTE;

➢ Model fitting

Three questions:

➢ Reaction or not?

➢ Yield?

➢ Regioselectivity?
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Method——Substrate & Condition selection

1723 literature

38 literature

Rxn condition

1174 drugs (CDDI) + 

100 fragments (Roche)

23 drugs + 21 fragments

Rxn substrates



10

Method——HTE

➢ Operation in a glove-box

➢ Operation in 24- or 96-well plates

➢ Detection by LC-MS

Reaction or not?

Yield?

Reference products?

New products?
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Deep learning

(A) Outcome & yield
2 models

4 input types

GNN using sum pooling (GNN)

Graph Transformer Neural Network (GTNN)

2D

3D

2DQM

3DQM

+ 1 baseline model:

ECFP4-based Neuro Network (ECFP4NN)
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Molecular fingerprint (ECFP4)

Step:1

Step:2

Deep learning
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Input 
data

Reaction 
or not

Yes

No

Substrate
properties

Ligand
properties

Solvent
properties

…

…

…

Deep learning
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Deep learning

Sum pooling

https://www.researchgate.net/figure/Two-examples-sum-pooling-on-the-same-
graph-where-phv1documentclass12ptminimal_fig2_353839563

Why pooling



15

GNN input in this article:

Deep learning Edges:

➢ Atom ID ➢ Ring status

➢ Hybridization ➢ Aromatic status

➢ Coordinates 
(for 3D conformation)

Nodes:

2D: Start atom and end atom

3D: Tensor
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Deep learning

Graph transformer What is “transformer”

ChatGPT
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Deep learning

CNN VS Transformer in NLP

小 明 周 天 去 露 营 他 准 备 叫 上 小 红

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 A12

B1 B2 B3 B4

C1 C2

D1

convolutional

Many “convolutional”

“DEEP”
Disadvantages

Indirect information capture

https://www.zhihu.com/question/580810624/answer/3323146786
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Deep learning

CNN VS Transformer in NLP

小 明 周 天 去 露 营 他 准 备 叫 上 小 红

“Token”

小明 周天 去 露营 他 准备 叫上 小红

“Encode/Embed”

Q1

K1

V1

Q2

K2

V2

Q3

K3

V3

Q4

K4

V4

Q5

K5

V5

Q6

K6

V6

Q7

K7

V7

Q8

K8

V8

“Self-attention”
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Deep learning

CNN VS Transformer in NLP

Q1

K1

V1

Q2

K2

V2

Q3

K3

V3

Q4

K4

V4

Q5

K5

V5

Q6

K6

V6

Q7

K7

V7

Q8

K8

V8

L(1)

x1 x2 x3 …
…

This framework can be applied to many other tasks

Attention mechanism
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Deep learning

How was ChatGPT trained?

Enormous text input
Many L(i)

(what words are related to each other)

I

am

have

work

student

cars

eaten

Decode

Speak what humans speak

Speak what humans understand

https://www.stackbuilders.com/blog/inside-the-brain-of-chatgpt/
https://www.nolibox.com/creator_articles/principle_of_ChatGPT.html
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Deep learning

What is Graph Transformer?

1

2

3
4

5

6

7

8

L (A2) = x1*H(A1) + x2*H(A2) + x3*H(A3) + …

0 1

Comparison to normal GNN?

Normal GNN:
Manually identification of Nodes & Edges before learning

GTNN:
trap key features of nodes & Edges directly for learning
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Deep learning

(A) Outcome & yield

Testing data from the experimental data

r (Pearson coefficient):
预测值和观测值的相关系数。
r越接近1，相关性越强。

m.a.e. (Mean absolute error):
预测值和观测值之间绝对误差的平均值。
m.a.e.越小，预测越准确。

AUC (Area under curve):
在二分类问题中，AUC越大，性能越好。

Reaction 
yield

Reaction 
outcome
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Whole Data

Training

Validation

Testing

50%

25%

25%

Deep learning

(A) Outcome & yield

Random split

24 rxns for 
each sub.

Training

Validation

Testing

65%

32.5%

2.5%

Substrate-based split

Investigate the performance on new
conditions for known substrates

Investigate the performance on unknown
substrates for known conditions
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Deep learning

(A) Outcome & yield

What is AUC in DL?

TPR: 真正率，正确预测为正样本的样本
数占真正样本的比例

FPR: 假正率，错误预测为正样本的样本
数占真负样本的比例

预测

实际

正样本 负样本

正样本 True Positive (TP) False Negative (FN)

负样本 False Positive (FP) True Negative (TN)

https://zhuanlan.zhihu.com/p/121036836
https://blog.csdn.net/qq_45769063/article/details/120008815
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Deep learning

(B) Regioselectivity a : atomic features (No pooling)
PPV (positive predictive value): 阳性预测值。
识别为正确的样品中真正正确的比值。

𝑷𝑷𝑽 =
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
TPR (true positive rate): 阳性预测正确值。
真正正确的样品中被识别为正的比值。

𝑻𝑷𝑹 =
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
F-score: PPV和TPR的加权平均，权衡两个指标。

𝑭 − s𝒄𝒐𝒓𝒆 =
𝑷𝑷𝑽 ∗ 𝑻𝑷𝑹 ∗ 𝟐

𝑷𝑷𝑽 + 𝑭𝑷𝑹
Accuracy: 被正确分类的样品占总体的比值。

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑭𝑵+ 𝑭𝑷 + 𝑻𝑵

预测

实际

正样本 负样本

正样本 True Positive (TP) False Negative (FN)

负样本 False Positive (FP) True Negative (TN)

Testing data from the experimental data

Testing data from 
literature data
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Deep learning

(B) Regioselectivity

1) Retrospective from test data

Failed example

2) Prospective from literature data

3) Retrospective from Roche dataset
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Deep learning

(B) Regioselectivity

4) Identification of 3D properties 

Steric hindrance

Directing group

Unseen molecules
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Discussion

(1) HTE VS Literature

Prediction in outcome & yield

Validated by HTE results

Validated by literature 
results

Why different

1. HTE: All in the same standard

Lit.: standards variates

2. HTE covers a less diverse reaction parameter space
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Discussion

(2) Deep learning greatly relies on the quality of input data!

sp3 borylation di- borylation
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Discussion

(3) Does this research deserve Nature Chemistry?

Combining DL and HTS in synthetic chemistry is not a fancy idea now…

Highlights of this article: Application in C-H borylation, thus for LSF

To be honest, I don´t think so…

However, no prospective application on out-of-dataset was reported

DL+HTS should have guidance significance to drug synthesis 

➢ Tell what condition is the best?
➢ In combination with AI-promoted retro-synthesis analysis? (New route)
➢ In combination with virtual screening? (High-quality scaffold)
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Thanks for your attention

Bin Yang

2024.01.13
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Input for Deep Learning

(A) Molecular fingerprint

——Example: Retrosynthetic accessibility score

Known retrosynthetic route
(Solved)

Unknown retrosynthetic route
(Unsolved)

RAscore

Thakkar A, Chadimová V, Bjerrum E J, et al. Chem Sci, 2021, 12(9): 3339.
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Input for Deep Learning

(B) Density Functional Theory calculation

The first principle of Kohn-Hohenberg:

只要知道基态电荷数密度，那么就能确定基态的能量

The second principle of Kohn-Hohenberg:

使整体能量最小的电荷密度就是真实电荷密度

自洽求解：

➢ S1: 猜一个电荷数密度n𝒕𝒓𝒊𝒂𝒍(𝒓)，代入方程，求得波函数

𝚿𝒊(𝒓);

➢ S2: 将𝚿𝒊(𝒓)代入方程，求得𝒏𝒔𝒐𝒍(𝒓);

➢ S3: 比较n𝒕𝒓𝒊𝒂𝒍(𝒓)和𝒏𝒔𝒐𝒍(𝒓)，若误差小于给定精度，输出

结果，否则用𝒏𝒔𝒐𝒍(𝒓)取代n𝒕𝒓𝒊𝒂𝒍(𝒓)，循环往复。

1). ΔG in transition states

2). Atomic partial charges

DFT in DL:

Regioselectivity, Diasteroselectivity

DFT = Solving the Schrödinger equation 



35

Input for Deep Learning

(B) Density Functional Theory calculation

——Example: Reactivity prediction

Table Average MAE (kcal/mol) when predicting SN2 barrier heights

Atom features: Atomic number, ring status, etc.

QM bond features: Bond order, bond length from 
QM calculation, etc.

QM atom features: Hirshfeld atomic charges, nucleo-
and electrophilic Fukui functions, etc. 

Stuyver T, Coley C W. J Chem Phys, 2022, 156(8).
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Method——Systematic literature analysis

M: Different methodologies (Direct/Indirect, etc.)

S: Different substrates (aromatic/aliphatic, etc.)

R: Article types (review/article, etc.)

C: Catalytic systems (Ir/Rh, etc.)

Query keywords
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Method——Substrate selection

Cortellis Drug Discovery Intelligence (CDDI database)

1174 drugs (200<MW<800)

8 clusters

(Based on ECFP4)

10 closest molecules
to the cluster center 

Jaccard similarity: 𝑱 =
𝑨∩𝑩

𝑨∪𝑩

3/10 commercially available
Total sample: 23 

DRUGS
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Method——Substrate selection

FRAGMENTS
Top 100 most popular ring 

assemblies in Roche´s database

268 fragments

➢ MW<300
➢ Heavy atoms < 20
➢ >1 g stock available
➢ Not involved in other projects

16 fragments

Manually selection:
➢ Halogen / OH on aromatic rings
➢ Frequently used heterocycles

+ 5 frequently occurring 
literature substrates
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Method——Substrate selection
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Input for Deep Learning

(B) Density Functional Theory calculation

E = −
𝒉

𝟐𝒎𝒆
σ𝒊
𝑵𝜵𝟐 + σ𝒊

𝑵𝑽𝒆𝒙𝒕(𝒓𝒊) + σ𝒊=𝟏
𝑵 σ𝒋=𝒊+𝟏

𝑵 𝑼(𝒓𝒊, 𝒓𝒋)

Schrödinger equation in describing electrons:

电子动能 电子与相对固定的
原子核的互作

电子-电子的互作

Considering a system with N 
electrons, there will be 3N variables!

Eq (1)

Almost impossible to accurately 
describe the situation of electrons!

All electrons as objects Electron density for ONE electron
as objects

Only 3 variables

What does DFT do?    An approximate solution for the Schrödinger equation 

𝑯𝚿 𝒓𝟏, … , 𝒓𝑵 = 𝑬𝚿 𝒓𝟏, … , 𝒓𝑵
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Input for Deep Learning

(B) Density Functional Theory calculation

The first principle of Kohn-Hohenberg:

𝑬 𝚿𝒊 = 𝑬𝒌𝒏𝒐𝒘𝒏 𝚿𝒊 + 𝑬𝑿𝑪 𝚿𝒊

只要知道基态电荷数密度，那么就能确定基态的能量

Eq (2)

Where:

𝑬𝒌𝒏𝒐𝒘𝒏 𝚿𝒊 = −
𝒉𝟐

𝒎𝒆


𝒊

𝚿𝒊
∗𝜵𝟐𝚿𝜾𝒅

𝟑𝒓 + න𝑽 𝒓 𝒏 𝒓 𝒅𝒓𝟑 +
𝒆𝟐

𝟐
ඵ

𝒏 𝒓 𝒏(𝒓′)

𝒓 − 𝒓′
𝒅𝟑𝒓𝒅𝟑𝒓′

电子动能 电子与相对固定的
原子核的互作

电子-电子的互作

Eq (3)

𝑬𝑿𝑪 𝚿𝒊 : 交换关联泛函，DFT的关键，只能近似
Luo et al., Science 381, 1072–1079 (2023)

How can we get n(r)
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n(r) = 2× σ𝒊𝚿𝜾
∗(𝒓)𝚿𝒊(𝒓)

Input for Deep Learning

(B) Density Functional Theory calculation

The second principle of Kohn-Hohenberg:

使整体能量最小的电荷密度就是真实电荷密度

Eq (4)

自洽求解：

➢ S1: 猜一个电荷数密度n𝒕𝒓𝒊𝒂𝒍(𝒓)，代入KS方程与Eq.2，求得波

函数𝚿𝒊(𝒓);

➢ S2: 将𝚿𝒊(𝒓)代入Eq.4，求得𝒏𝒔𝒐𝒍(𝒓);

➢ S3: 比较 n𝒕𝒓𝒊𝒂𝒍(𝒓)和 𝒏𝒔𝒐𝒍(𝒓)，若误差小于给定精度，输出结果，

否则用𝒏𝒔𝒐𝒍(𝒓)取代n𝒕𝒓𝒊𝒂𝒍(𝒓)，循环往复。

1). ΔG in transition states

2). Atomic partial charges

Calculation results in ML input:

Regioselectivity, Diasteroselectivity
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Principal component analysis (PCA)

Lipinski´s Rule of Five:

➢ MW < 500 ➢ HBD < 5

➢ HBA < 10 ➢ logP < 5

Veber´s Rule:

➢ Rotable bonds < 10 ➢ PSA < 140

Adv Drug Deliver Rev, 1997, 23(1-3), 3
J. Med. Chem. 2002, 45, 12, 2615
J. Med. Chem. 2001, 44, 12, 1841
J. Med. Chem. 2009, 52, 21, 6752

Muegge´s Rule:

➢ Num Rings < 7

Fsp3:

➢ 0.3 < Fsp3 < 0.5


