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The realization of effective and low-cost drug discov-
ery is imperative to enable people to easily purchase
and use medicines when necessary. This paper re-
ports a smart system for detecting iPSC-derived can-
cer stem cells by using conditional generative adver-
sarial networks. This system with artificial intelli-
gence (AI) accepts a normal image from a microscope
and transforms it into a corresponding fluorescent-
marked fake image. The AI system learns 10,221 sets
of paired pictures as input. Consequently, the sys-
tem’s performance shows that the correlation between
true fluorescent-marked images and fake fluorescent-
marked images is at most 0.80. This suggests the fun-
damental validity and feasibility of our proposed sys-
tem. Moreover, this research opens a new way for AI-
based drug discovery in the process of iPSC-derived
cancer stem cell detection.
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1. Introduction

1.1. General Background
Human history is exceptionally long, and human soci-

ety has been changing gradually. The 1st industrial rev-
olution around the late 18th century, which came about
with the development of steam engines, accelerated this
change. Roughly 200 years later, at the beginning of the
20th century, the 2nd industrial revolution happened with
the development of electric power generators. Further, in
the late 20th century, the 3rd industrial revolution – in-
formation revolution – burst forth with the development
of the Internet, especially the World Wide Web (WWW)
technology.

Owing to these three industrial revolutions, our society
is now in a mode of constant change, faster than ever be-
fore. Moreover, since the beginning of the 21st century,
new, cutting-edge, and revolutionary technologies have
emerged successively, across every field. For example,
in the industrial field, IoT (Internet of Things) technolo-
gies have been affirmatively adopted by the world-leading
“Industry 4.0” project in Germany. In the financial field,
Blockchain technologies are being applied to FinTech for
realizing smart contract systems. In academia, artificial
intelligence (AI) technologies, especially the application
of deep learning in various fields, has attracted consider-
able attention [1, 2].

Drug discovery is one such field. It needs – as you
would be knowing – a significant amount of money, time,
and human resources; however, at the same time, it fails
very often in reaching a practical stage, where people can
use the medicines in their daily lives. This is a serious
problem that needs to be addressed expeditiously. This
fact compelled the authors to start this study.

In this paper, we report our study and its outcomes to
improve, that is, accelerate the precursory drug discovery
processes by applying a new AI technology – conditional
generative adversarial networks (CGAN), which is a type
of deep learning algorithm [3].

1.2. Background of Deep Learning Research
Deep learning originates from the idea of neural net-

works and has grown into many new ideas such as con-
volutional neural networks (CNN), recurrent neural net-
works (RNN), and so on. In 2014, an impactful idea on
deep learning – generative adversarial networks (GAN)
was proposed by Goodfellow et al. [4]. GAN is able to,
for example, make black-and-white photos colored, repair
images with missing data, and transform font styles in text
into another style. That is to say, GAN is able to produce
new but fake images by learning features from learning
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datasets. However, GAN still has some severe disadvan-
tages: it is unstable at times, produces images inclined
toward a certain type, and so on.

In order to overcome such disadvantages, many types
of GAN have been proposed, such as deep convolu-
tional GAN (DCGAN) [5], spatial transformer GAN
(ST-GAN) [6], cycle-consistent adversarial networks
(CycleGAN) [7], unified GAN (StarGAN) [8], progres-
sive growing of GAN (PGGAN) [9], auxiliary classifier
GAN (ACGAN) [10], self-attention GAN (SAGAN) [11],
conditional GAN (CGAN) [3], information maximizing
GAN (InfoGAN) [12], stacked GAN (StackGAN) [13],
anomaly detection with GAN (AnoGAN) [14], and so
on. Today, GANs are also applied across a wide range
of fields such as dynamic facial expression synthesis [15],
speaker identification [16], and network intrusion detec-
tion [17].

In this study, we adopted pix2pix, a type of CGAN to
transform an input image into another corresponding im-
age for automatically detecting iPSC-derived cancer stem
cells [18], as the ability of CGAN to create fake images
can be utilized to detect cells.

1.3. Background of Drug Discovery Research
Drug discovery has a long history. From the days of

the ancient Mayans and ancient China, people had already
developed various types of drugs from herbs or animals
(bones and internal organs), following their own hunches
and experiences. With the rise of modern science, isola-
tion and identification of a wide range of bioactive com-
pounds cleared the way for a brand new way of synthetic
drug discovery. At the time, drugs were discovered by
chance, were related to experiences or accidental events,
and were evaluated using drug efficacy evaluation systems
in vitro with the use of animals.

Not long after that, evaluation systems in vitro were
developed to use enzymes and cultured cells, and mech-
anisms were also more detailly analyzed than before. At
this stage, however, numerous trials and errors in biolog-
ical activity evaluation were inevitable when using high-
throughput cleaning systems of a synthetic organic com-
pound library to identify compound candidates.

Consequently, significant human effort, time (about
10–20 years), and money (more than several hundred mil-
lion yen) were needed to discover new drugs. This is a
serious problem with new drug discovery. On the other
hand, there were still no theories to determine if the drugs
were best suited to patients. These facts forced drug can-
didates to be often rejected because of their toxicity in
pre-clinical experiments or clinical trials. This is another
problem with new drug discovery.

After the draft of the human genome sequences was
published publicly in 2001 [19, 20], a new, genome-based
methodology of drug discovery emerged for theoretically,
deductively, and exhaustively discovering new drugs. By
applying computer simulation techniques to drug discov-
ery based on the knowledge of genomes, the success rate
of new drug discovery is expected to be higher than be-
fore. Using these theoretical drug discovery methods, the

dream of theoretically best-suited drugs is expected to be
realized in the near future. This causes a paradigm shift
in the genome-based drug discovery for aiming at com-
plete drug discovery. Such dreams can be realized using
AI technology.

On this background, the deep learning competition
“Kaggle,” aimed at drug discovery, was held in 2012. The
competition showed deep learning to be affirmatively use-
ful in drug discovery. In January 2019, the 1st annual
meeting of the Japanese Association for Medical Artifi-
cial Intelligence was held in Tokyo. At the same time,
induced cancer stem cells (iCSC), that is, cells with dis-
ease status of the patients, were produced from patients’
own cells, and used to evaluate compounds of drug candi-
dates. Indeed, the evaluation methods still remain under
development, but AI-based drug discovery has started at-
tracting much attention.

1.4. Our Research
Under these circumstances, we, a joint group of bion-

ics and computer science researchers, have started a new
research project since 2017 and aim to implement a new
AI-based software system for drug discovery in a much
more effective, much less money-consuming, and much
less time-consuming way than before, by making AI sys-
tems learn iPSC-derived cancer stem cell modeling auto-
matically. Specifically, we have effectively developed a
new AI-based software to detect an iPSC-derived cancer
stem cell by producing fake fluorescent-marked pictures
from microscopic image data.

In this paper, to realize an effective drug discovery pro-
cess in terms of human resources, time, and money, a new
AI method pix2pix – a type of the deep learning CGAN –
was adopted to design and implement an AI system to ex-
clusively detect iPSC-derived cancer stem cells with the
use of miPS-LLC cells [21–23]. Furthermore, evaluation
of the system showed its high performance in detecting
such cells; thus, we can expect the feasibility of artificial
intelligence-based drug discovery in the near future.

2. Related Work

According to the world-famous book on AI by Rus-
sell and Norvig [24], AI’s history is at least two thousand
years old. The term “Artificial Intelligence” was adopted
at a conference in Dartmouth in 1957 by a small group of
researchers.

Since then, AI research has resulted in many out-
comes: knowledge representation, fundamental algo-
rithms, expert systems, speech recognition, natural lan-
guage processing, machine translation, intelligent robots,
toy version-level of AI software systems, and so on. Neu-
ral networks is one such AI research area that is inspired
by human nerve cells and nervous system. Deep learning
is their evolutionary version.

Around 2000, CNN emerged as a deep learning method
and had a significant impact in the field of image recog-
nition. RNN is another derivative of deep learning, which
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Fig. 1. Fundamental architecture of GAN.

is mainly applied to natural language processing. On the
other hand, GAN is applied to generate fake images sim-
ilar to original input images. Fig. 1 shows the structure
of GAN. GAN is originally constructed with two main
modules, generator and discriminator. The generator pro-
duces fake data, and the discriminator distinguishes real
ones from fake ones. GAN realizes intelligence with the
working of the two modules as adversaries.

As described in Fig. 1, many derivatives of GAN have
been proposed and implemented across a wide range of
fields. CGAN is a unique example of GAN, which can
transform an input image into another one, for example,
from a black-and-white picture into a colored one.

In this study, in order to improve drug discovery pro-
cess, we adopted pix2pix, a type of CGAN, and im-
plemented an AI system to automatically detect iPSC-
derived cancer stem cells, by generating a picture in which
the cancer cells are fluorescent from another picture in
which iPSC-derived cancer stem cells are normally cap-
tured with a microscope.

3. Overall Design of Our System

3.1. Research Goals
(1) Long-Term Goal

Our research project aims at creating an AI software
that can be applied to new drug discovery processes.
Specifically, it aims to implement a software for automatic
detection of iPSC-derived cancer stem cells to drastically
reduce human resource, time, and financial costs.

(2) Short-Term Goal

Our research project aims at implementing an AI sys-
tem to automatically detect iPSC-derived cancer stem
cells in miPS-LLC cells. In other words, we make the
AI learn to model iPSC-derived cancer stem cells. It aims
not only at developing AI software but also at building a
hardware system that is scalably applicable to big data
processing swiftly and rigidly. This paper reports our
newly-started work and its current results, aiming at this
short-term goal.

3.2. Overview of AI-Based Drug Discovery Support
System for the Short-Term Goal

Figure 2 shows a blueprint of our AI-based, smart
iPSC-derived cancer stem cell detection system. From the
viewpoint of computer science, AI engine for big data on
the right-top of Fig. 2 is a main part of AI for learning to
detect iPSC-derived cancer stem cells from big data stor-
age at the middle-top of the figure, with the use of AI
algorithm, that is CGAN, to the right of it. Source codes
used by the system are from pix2pix, a type of CGAN.
Datasets for learning and testing are created by bionics re-
searchers Nishisako and Sugiyama. They repeatedly take
two types of pictures of iPSC-derived stem cells. One
is an original shot and the other is a processed shot with
fluorescent-marked iPSC-derived cancer stem cells.

3.3. Hardware Settings
Before starting this project, we gathered a wide range

of information on machine capabilities to run deep learn-
ing software. Based on the available information, we de-
cided to use the following machines:

A) CPU
machine name: ASUS
CPU: Intel Core i5-7500 CPU @ 3.40 GHz
Main memory: 64 GB
OS: Windows 10 Education (64 bits)

B) GPU
machine name: NVIDIA DGX-1
CPU: Dual Intel 20-core Xeon (E-2698v4 2.2 GHz)
PGU Main memory: 16 GB on one GPU
NVIDIA CUDA core: 28672
(Main memory: 512 GB, 2133 MHz)
OS: Ubuntu Server (Linux)

3.4. AI Software Settings – Which AI Software to
Use?

We surveyed algorithms and software applicable and
suitable to our research project, and finally decided to
adopt CGAN (as mentioned before) because the pro-
gram pix2pix (image-to-image translation technique with
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Fig. 2. Overview of smart iPSC-derived stem cell detection system.

CGAN) is strictly expected to be applicable and suitable
to our AI system.

3.5. Software Environment Settings – How to Cre-
ate AI Software?

As you would know, there are many options for creat-
ing AI software pix2pix. Based on our survey of related
works by searching books, papers, and Web pages, we
considered the following three options to create AI soft-
ware environment settings.

[Option 1]: We originally write scratch-based codes in
Python or MATLAB.

[Option 2]: We use existing software resources for ma-
chine learning on the Internet, such as
Tensor-Flow or PyTorch, affirmatively.

[Option 3]: We use a cloud-based machine learning soft-
ware such as Microsoft AzureML, IBM Wat-
son, or Google GCP.

[Option 1] is a standard way to solve the problem be-
cause we can easily revise the program the way we want
to, but it will take a longer time because we are building a
deep learning software for the first time. As one of our sub
goals in this study is to confirm the fundamental adequacy
of our research approach, we did not select this option.
[Option 3] is the best way to rapidly build an AI system;
however, such a system has difficulties and restrictions
when revising it the way we want to, so we did not select
this option either. Consequently, we selected [Option 2]
and used the existing open software source code PyTorch,
making it easier for us to implement the pix2pix program
with CGAN.

3.6. Dataset Settings
So far, we have collected 10,221 sets of paired pic-

tures, that is, a normally-captured version of pictures and
a processed version of pictures where every single iPSC-
derived cancer stem cell is fluorescent-marked. The num-
ber of these pictures is preliminarily set as an initial goal

of data collection. The format of the pictures is TIFF
(tagged image file format), because this format is usually
used to save digital camera pictures. The picture size is
1,920 × 1,200 pixels.

4. Experiments

4.1. Preliminary Experiment – Is System Configu-
ration Adequate to Perform the Main Experi-
ments 1 and 2 Effectively?

(1) Objective

Before performing the two main experiments described
in Sections 4.2 and 4.3, we checked to see if our above-
described system runs adequately with no serious prob-
lems. This is because a deep learning system, in general,
requires a CPU and GPU with higher specifications and
a considerable amount of memory. Our AI system was
checked in terms of its speed, memory, and so on.

(2) Method

After deciding on the hardware, we installed a program
named PyTorch-pix2pix. This program is a fork of orig-
inal pix2pix – the open source code of CGAN algorithm
in Python, and can be downloaded from GitHub.1

We adopted this code sample because many users re-
peatedly run this code on the site, properly and safely. The
code sizes of the training program and the test program are
approximately 150 and 40 lines, respectively. These pro-
grams were also used in the next two main experiments
described in Sections 4.2 and 4.3.

(3) Datasets

Procedure for making datasets: Our datasets were
made as follows:

[Step 1] Gather flower pictures in color from the Web
page.2

1. https://github.com/GINK03/pytorch-pix2pix
2. https://www.dropbox.com/s/yhstjhqmsy1cneb/
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[Step 2] Decolorize each picture by issuing the following
command: $ mogrify -colorspace Gray *.jpg

[Step 3] Make a pair of pictures, that is, original pictures
in color and the corresponding decolorized ones.
Put them separately into two different directo-
ries, a training dataset and a test dataset, where
corresponding files have the same file names, re-
spectively.

Dataset profile: The total size and number of all
datasets is about 168 MB and 18,776, respectively, where
the number of paired data (pictures) is 9,388 (7,517 for
training and 1,871 for the test). These paired pictures are
used later in the learning process and testing process, re-
spectively.

(4) Training and Test Procedure

Training and test of the AI system were done by the
following steps:

[Step 1] Train the AI system with the use of training
datasets by issuing the command below:
$ python train.py --dataset DS --nEpochs N
--cuda
(Note: DS – directory name of training datasets,
and N – the number of the iteration of learning.)

[Step 2] To test the validity of learning, the AI system
reads decolorized pictures and creates pictures in
color that resemble the original ones. They are
also evaluated in terms of correlation with each
other, and so on.

(5) Results and Considerations

The AI system could produce flower pictures in color
from decolorized pictures with no particular problems
(Fig. 3). Learning time of the AI system was about
24 hours when the Epoch number was 100. This numer-
ical value was adopted based on the results of the system
pre-test. With this Epoch value, the AI system showed the
best performance. As the AI program PyTorch-pix2pix
was run on our machine adequately, that is, not for long,
and with feasible computing time and no particular prob-
lems, we decided to use this system configuration for the
main experiments 1 and 2: Can AI detect iPSC-derived
cancer stem cells from a microscopic picture?

As described above, our AI system has the ability to
process big datasets of images. The version of Python
is not 3 but 2, and the image format is not TIFF but
JPEG, because the pix2pix program used by us accepts
only JPEG format datasets.

4.2. Main Experiment 1 – Can the AI System Detect
iPSC-Derived Cancer Stem Cells?

(1) Objective

We investigate the feasibility of our AI system in terms
of whether it can really detect iPSC-derived cancer stem
cells automatically. In this experiment, PyTorch-pix2pix
is adopted as the AI engine software.

(a) Input: decolored image (b) Output: colored image

Fig. 3. Input and output of AI system in experiment 2.

(2) Method

PyTorch-pix2pix is first applied to training datasets and
then to test datasets.

(3) Dataset

Datasets are elaborated in Section 3.6. 2,000 paired
pictures are used in leaning phase, and another 221 mi-
croscopic pictures are used to test and evaluate the quality
of AI learning performance.

(4) Training and Test Procedure

The steps in this stage are the same as in the preliminary
experiment described in Section 4.1.

(5) Results and Considerations

Fake fluorescent-marked pictures were successfully
created, at least for human-eyes, although this is subjec-
tive. The correlation r with created pictures, that is, with
fake fluorescent-marked and original fluorescent-marked
ones is maximally 0.80. The value is quite good, but more
thorough investigation should be done in succession. The
next step is to increase the value of Epoch (the number of
iterations) and the number of data gradually.

Figure 4 shows an example of this AI system’s output.
Picture on the left is an input to AI system which pro-
duces the picture at the middle, and this produced picture
is a fake version of the original picture on the right. This
means we can easily get fake fluorescent-marked pictures
from original pictures directly through our AI system.

4.3. Main Experiment 2 – Does the Number of Cells
in the Input Picture Affect the Quality of Out-
put Performance?

(1) Objective

In main experiment 1, input picture contains many
cells. In this experiment, we investigate the effects of the
number of cells in input pictures. This experiment also
adopts PyTorch-pix2pix as the AI engine software.

(2) Method

Same as in experiment 1 described above.
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(a) Input picture

(b) Output picture from AI

(c) Correct picture

Fig. 4. Input for test, output from AI, and original correct
picture.

(3) Dataset

42 pictures with large amounts of iPSC-derived cancer
stem cells were picked up from the datasets described in
Section 3.6 by a human, and each picture was divided into
16 pieces, that is, every piece of a picture contains small
amount of iPSC-derive cancer stem cells. The total num-
ber of pictures used in this experiment is 42× 16 = 672.
640 pictures are used for training and 30 for test. The
Epoch value was 10,000.

(4) Training and Test Procedure

The steps in this stage are the same as in the preliminary
experiment described above.

(5) Results and Considerations

Initially, to know the similarity between fake pictures
created by AI and their corresponding original ones, we
calculated the mean of correlation r between them. The
original pictures are the ones taken by a microscope, and
the fake ones are images created by the AI system, where
the iPSC-derived cancer stem cells detected by AI sys-
tem are colored in white fluorescence. The correlation
between them was r = 0.35. This suggests the necessity
of further improvements. Moreover, the detection rate of
iPSC-derived cancer stem cells was 63.0% and detection
precision was 44.0%. These results show a good detection
rate and detection precision for drug discovery. However,
going by these results, we still have to improve the learn-
ing algorithm by changing input data type and quality to
confirm the fundamental validity of our AI system, while
paying attention to the quality control of dataset.

5. Conclusion

This paper reported the first step of our new challenge
of applying AI technology to establish a new drug discov-
ery process. Concretely, we designed and implemented
an AI-based system to automatically detect iPSC-derived
cancer stem cells by learning to automatically model them
from datasets. The fundamental validity of our system
was experimentally investigated and confirmed. Indeed,
further improvement is still needed for the proposed AI
system in terms of its detection power, but surely, our pro-
posed method opens a new, more effective way of drug
discovery than before.
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