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機械学習（深層学習）を用いた医用画像解析の論文数
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nGenentechが８年がかりで見出したキナーゼ阻害剤と同等以上

n21日で複数の候補を設計。設計→合成→評価までわずか46日

n In vivo 活性をクリアしたものも
10
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We have developed a deep generative model, generative tenso-
rial reinforcement learning (GENTRL), for de novo small-mole-
cule design. GENTRL optimizes synthetic feasibility, novelty, 
and biological activity. We used GENTRL to discover potent 
inhibitors of discoidin domain receptor 1 (DDR1), a kinase tar-
get implicated in fibrosis and other diseases, in 21 days. Four 
compounds were active in biochemical assays, and two were 
validated in cell-based assays. One lead candidate was tested 
and demonstrated favorable pharmacokinetics in mice.

Drug discovery is resource intensive, and involves typical time-
lines of 10–20 years and costs that range from US$0.5 billion to 
US$2.6 billion1,2. Artificial intelligence promises to accelerate this 
process and reduce costs by facilitating the rapid identification of 
compounds3,4. Deep generative models are machine learning tech-
niques that use neural networks to produce new data objects. These 
techniques can generate objects with certain properties, such as 
activity against a given target, that make them well suited for the 
discovery of drug candidates. However, few examples of generative 
drug design have achieved experimental validation involving syn-
thesis of novel compounds for in vitro and in vivo investigation5–16.

Discoidin domain receptor 1 (DDR1) is a collagen-activated pro-
inflammatory receptor tyrosine kinase that is expressed in epithelial 
cells and involved in fibrosis17. However, it is not clear whether DDR1 
directly regulates fibrotic processes, such as myofibroblast activa-
tion and collagen deposition, or earlier inflammatory events that 
are associated with reduced macrophage infiltration. Since 2013, at 
least eight chemotypes have been published as selective DDR1 (or 
DDR1 and DDR2) small-molecule inhibitors (Supplementary Table 
1). Recently, a series of highly selective, spiro-indoline-based DDR1 
inhibitors were shown to have potential therapeutic efficacy against 
renal fibrosis in a Col4a3–/– mice model of Alport syndrome18. A 
wider diversity of DDR1 inhibitors would therefore enable further 
basic understanding and therapeutic intervention.

We developed generative tensorial reinforcement learning 
(GENTRL), a machine learning approach for de novo drug design. 
GENTRL prioritizes the synthetic feasibility of a compound, its 
effectiveness against a given biological target, and how distinct it 
is from other molecules in the literature and patent space. In this 
work, GENTRL was used to rapidly design novel compounds that 
are active against DDR1 kinase. Six of these compounds, each  
complying with Lipinski’s rules1, were designed, synthesized, and 

experimentally tested in 46 days, which demonstrates the potential of 
this approach to provide rapid and effective molecular design (Fig. 1a).

To create GENTRL, we combined reinforcement learning, varia-
tional inference, and tensor decompositions into a generative two-
step machine learning algorithm (Supplementary Fig. 1)19. First, we 
learned a mapping of chemical space, a set of discrete molecular 
graphs, to a continuous space of 50 dimensions. We parameterized the 
structure of the learned manifold in the tensor train format to use par-
tially known properties. Our auto-encoder-based model compresses 
the space of structures onto a distribution that parameterizes the 
latent space in a high-dimensional lattice with an exponentially large 
number of multidimensional Gaussians in its nodes. This parameter-
ization ties latent codes and properties, and works with missing values 
without their explicit input. In the second step, we explored this space 
with reinforcement learning to discover new compounds.

GENTRL uses three distinct self-organizing maps (SOMs) as 
reward functions: the trending SOM, the general kinase SOM, and 
the specific kinase SOM. The trending SOM is a Kohonen-based 
reward function that scores compound novelty using the applica-
tion priority date of structures that have been disclosed in patents. 
Neurons that are abundantly populated with novel chemical entities 
reward the generative model. The general kinase SOM is a Kohonen 
map that distinguishes kinase inhibitors from other classes of mol-
ecules. The specific kinase SOM isolates DDR1 inhibitors from the 
total pool of kinase-targeted molecules. GENTRL prioritizes the 
structures it generates by using these three SOMs in sequence.

We used six data sets to build the model: (1) a large set of mole-
cules derived from a ZINC data set, (2) known DDR1 kinase inhibi-
tors, (3) common kinase inhibitors (positive set), (4) molecules that 
act on non-kinase targets (negative set), (5) patent data for biologi-
cally active molecules that have been claimed by pharmaceutical 
companies, and (6) three-dimensional (3D) structures for DDR1 
inhibitors (Supplementary Table 1). Data sets were preprocessed to 
exclude gross outliers and to reduce the number of compounds that 
contained similar structures (see Methods).

We started to train GENTRL (pretraining) on a filtered ZINC 
database (data set 1, described earlier), and then continued train-
ing using the DDR1 and common kinase inhibitors (data set 2 and 
data set 3). We then launched the reinforcement learning stage 
with the reward described earlier. We obtained an initial output 
of 30,000 structures (Supplementary Data Set), which were then  
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automatically filtered to remove molecules bearing structural alerts 
or reactive groups, and the resulting chemical space was reduced by 
clustering and diversity sorting (Supplementary Table 2). We then 
evaluated structures using (1) the general and specific kinase SOMs, 
and (2) pharmacophore modeling on the basis of crystal structures of 
compounds in complex with DDR1 (Supplementary Figs. 2 and 3).  
On the basis of the values of molecular descriptors and root-mean-
square deviation (RMSD) calculated in two previous steps (steps 6 
and 7), we used Sammon mapping to assess the distribution of the 
remaining structures.

To narrow our focus to a smaller set of molecules for analy-
sis, we randomly selected 40 structures that smoothly covered 
the resulting chemical space and distribution of RMSD values 
(Supplementary Fig. 4 and Supplementary Table 3). Of the 40 
selected structures, 39 were likely to fall outside the scope of any 
published patents or applications (Supplementary Table 4). Six of 
these were chosen for experimental validation on the basis of syn-
thetic accessibility. Of note, our approach led to several examples 
of nontrivial potentially bioisosteric replacements and topological 
modifications (Fig. 1b).

By day 23 after target selection, we had identified six lead candi-
dates, and by day 35, these molecules had been successfully synthe-
sized (Fig. 1c). They were then tested for in vitro inhibitory activity 
in an enzymatic kinase assay (Supplementary Fig. 5). Compounds 
1 and 2 strongly inhibited DDR1 activity (half-maximum inhibi-
tory concentration (IC50) values of 10 and 21 nM, respectively), 
compounds 3 and 4 demonstrated moderate potency (IC50 values of 
1 μM and 278 nM, respectively), and compounds 5 and 6 were inac-
tive. Compounds 1 and 2 both exhibited selectivity towards DDR1 

over DDR2 (Fig. 1c). Furthermore, compound 1 exhibited a rela-
tively high selectivity index compared to those of 44 diverse kinases 
(Supplementary Fig. 6).

Next, we investigated the DDR1 inhibitory activity of com-
pound 1 and compound 2 as measured by autophosphorylation in 
U2OS cells. The compounds showed IC50 values of 10.3 and 5.8 nM, 
respectively (Supplementary Fig. 7). Both molecules inhibited the 
induction of fibrotic markers α-actin and CCN2 in MRC-5 lung 
fibroblasts (Supplementary Fig. 8). These molecules also inhibited 
the expression of collagen (a hallmark of fibrosis) in LX-2 hepatic 
stellate cells, with compound 1 showing potent activity at 13 nM 
(Supplementary Fig. 9).

We then performed in vitro microsomal stability studies to char-
acterize the metabolic stability of compounds 1 and 2 in human, 
rat, mouse, and dog liver microsomes. Compounds 1 and 2 had 
half-life and clearance values that were similar to or more favor-
able than those of routinely used control molecules (Supplementary 
Table 5). Compound 2 was also found to be very stable in buffer 
conditions (Supplementary Table 6). Neither compound strongly 
inhibited cytochrome P450, and both compounds showed favor-
able physiochemical properties, including satisfying Lipinski’s rules 
(Supplementary Tables 7 and 8).

Finally, we tested compound 1 in a rodent model. Compound 1  
was delivered to mice intravenously (i.v.) (10 mg kg–1) and orally 
(p.o., 15 mg kg–1). The two administrations resulted in similar 
half-lives, ~3.5 h (Fig. 2a and Supplementary Tables 9 and 10). I.v. 
administration conferred a peak plasma concentration of 2,357 ng 
ml–1 on initial delivery, whereas p.o. administration resulted in a 
lower maximum of 266 ng ml–1, which peaked 1 h after delivery.

IC50(DDR2) = 234 nM

IC50(DDR1) = 10 nM IC50(DDR1) = 21 nM

IC50(DDR1) = 278 nM

IC50(DDR2) = 162 nM

IC50(DDR2) = 76 nM

IC50(DDR1) = 1,000 nM

IC50(DDR1) > 104  nM IC50(DDR1) > 104  nM

IC50(DDR2) > 104  nMIC50(DDR2) > 104  nM

IC50(DDR2) = 649 nM
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Fig. 1 | GENTRL model design, workflow, and nanomolar hits. a, The general workflow and timeline for the design of lead candidates using GENTRL. IP, 
intellectual property. b, Representative examples of generated structures compared to the parent DDR1 kinase inhibitor. c, Generated compounds with the 
highest inhibition activity against human DDR1 kinase.
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n基礎医学
• ゲノム解析、遺伝子解析

n医学・薬学（デジタルメディシン）
• EHR から予後の予測、介入
• バイタルセンサーからの身体状態の予測、介入

n予防医療
• 画像から被験者の姿勢の推定（介護など）
• Chatbot（会話AI）
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（統計的）機械学習とは？

n教師あり

n教師なし

分類
回帰
強化学習
生成（GAN、翻訳等）

n計算機に陽にルールを与えずに知的動作を実施
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機械学習とは？
nデータから”写像”（＝対応関係）を作成する方法です。

猫

碁盤 次の一手
This is a pen. これはペンです。

f(x)
x y
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人工知能

機械学習
深層学習
（ディープラーニング）

SVM, 決定木…

データ 計算機
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⼈⼯知能の医療応⽤における注意点
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フレーム問題
•計算機は現実に起こりうる問題全てに対処することはできない。

R1

R1D1

…

?

?

?

•問題は人間が定式化しないといけない

バッテリを運び出したが、爆弾も運んだ

タスク：洞窟のバッテリを取ってくる

考えすぎて、時間切れ
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AIと医師と患者の間で可能な関係

17

AI 医師 患者

AI 医師 患者

AI

医師

患者

AIは間接的に
医師を補助

AIは直接的に
医師を補助

医師がAIを監督

AIを活用した医療診断システム・ 医療機器等に関する課題と提言 2017 
https://www.pmda.go.jp/rs-std-jp/outline/0003.html を改変

画像上の腫瘍位置を
指し示す

診断予測を医師に
伝える

自動診断結果を
AIが患者に伝える



© 2020 Humanome Lab. All Rights Reserved

AIは⽬的ではなく、⼿段である

18

目的：患者への適切な治療

X線 カルテ病理

被験者

変異

医師薬剤推薦AI AI
AI AI

AI
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人工知能

機械学習
深層学習
（ディープラーニング）

SVM, 決定木…

データ 計算機

皆さまが
準備

ゲーム用PC、
クラウド(Amazon AWS)や

産総研ABCIなど

Python言語の
プログラム
＋Tensorflow, 

PyTorch



© 2020 Humanome Lab. All Rights Reserved 20



© 2020 Humanome Lab. All Rights Reserved 21

AIの
開始

動作環境の構築

プログラミング

機械学習の知識

ソフトウエア
何が必要？

謎のエラーが
解消できない

深層学習とクラスタリング、
呪文が並ぶ・・・

Python, Scikit-learn, 
PyTorch…何から始めれば…
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AIの
構築

問題設定

アノテーション

データサイエンス

解くべき問題は
どうやって決めるの…

学習したけど
精度がでない…

どのモデルが良いの？

どうやってデータ
準備すればよいの？

結果の評価は、
どうすれば？
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