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Abstract  16 

Developing new small molecules that are bioactive is time-consuming, 17 

costly and rarely successful. As a mitigation strategy, we apply, for the 18 

first time, generative adversarial networks to de novo design of small 19 

molecules using a phenotype-based drug discovery approach. We trained 20 

our model on a set of 30,000 compounds and their respective 21 

morphological profiles extracted from high content images; no target 22 

information was used to train the model. Using this approach, we were 23 

able to automatically design agonist-like compounds of different 24 

molecular targets. 25 

  26 
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Introduction 27 

Recent studies have categorized pharmaceutical research and development 28 

(R&D) as a very inefficient process in terms of the high cost and small number 29 

of approved molecules1,2. Given that the cost of bringing a new drug to market 30 

is doubling approximately every 9 years, the current R&D model might not be 31 

sustainable in a few more decades1. This concern raises the question of how to 32 

improve the current pharmaceutical R&D efficiency. Some authors propose to 33 

focus more into the final desired biological response, such as in a systems-34 

based approach, rather than the current target-based approach3–5. The latter is 35 

characterized for focusing only on a well characterized target or mode of action. 36 

On the other hand, systems-based drug discovery aims to identify or optimize a 37 

molecule with little knowledge of the biological target or mode of action and 38 

relying more on phenotypic changes. Recent studies have compared the 39 

efficiency of these approaches based on the number of first-in-class drugs 40 

approved by the FDA but it is too soon to draw a final conclusion due to the 41 

long time frame of drug discovery projects6,7.  42 

Despite the many advantages of the systems-based approach3, only a few 43 

experimental settings have been used for large-scale screenings. One of these 44 

is transcriptomic analysis where the change in gene expression levels caused 45 

by perturbation (either chemical or biological) is used as readout to select active 46 

compounds. This approach has been used in the Connectivity Map project8,9 to 47 

connect disease, genes and drugs and has been successfully applied to identify 48 

new active molecules10–12, find new uses for known drugs13,14, and even for 49 

mode of action identification15,16. An alternative is to observe the effect of the 50 

perturbation at morphological level rather than at transcriptomic level. In this 51 

regard, the Cell Painting approach17, a new technique based on High-Content 52 

Imaging (HCI), has been extremely useful. Cell Painting uses different dyes to 53 

simultaneously stain several organelles and cellular components, thus capturing 54 

information of the complete cellular state18. In the context of profiling, images 55 

are usually processed by computational pipelines to extract feature 56 

representations (morphological profiles)19–23, which serve as phenotype 57 

descriptors in further tasks. This technique has been used to cluster small 58 

molecules by similar phenotypic effect18, for drug repurposing24, to map cellular 59 
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morphology to gene function25, and to predict results from biochemical 60 

assays26,27 among other applications28. Interestingly, most cell painting 61 

applications to small molecules have focused on clustering or classification 62 

tasks and, to our best knowledge, no use-case has combined these 63 

information-rich assays with a molecular generative model29,30 to directly guide 64 

molecular design. 65 

In the current work we combine cell painting morphological profiles with 66 

generative adversarial networks (GANs)31 in order to automatically design 67 

compounds that induce a specific morphological effect. GANs are generative 68 

models that have been extensively used for molecular design, specifically for 69 

the design of new active molecules and photovoltaic materials32,33. In this paper 70 

we show that by conditioning a GAN using morphological profiles we can 71 

automatically design compounds with high molecular similarity to known 72 

agonists of particular targets without having target or biological activity 73 

annotations in the training set. 74 

 75 

Results 76 

The framework used in this study is divided in two stages. The first stage 77 

consists in training a model capable of encoding molecular structures into a 78 

continuous latent space, but also able to transform any point of the latent space 79 

back into a valid molecular structure (Figure 1a). This encoder-decoder model 80 

was designed following a similar implementation of the one proposed by Winter 81 

et al34, which is inspired on machine translation. The second stage is a 82 

conditional generative adversarial network (GAN) capable of designing 83 

compounds that can induce specific cell morphology changes (Figure 1b). More 84 

specifically, the GAN is composed of three neural networks, namely generator, 85 

discriminator and conditional. The task of the generator is to suggest points of 86 

the latent space that correspond to molecules able to induce a desired 87 

morphological profile. On the other hand, the discriminator evaluates if the 88 

generated point of the latent space indeed corresponds to a proper molecule 89 

whereas the conditional network calculates the probability of this molecule to 90 

induce the desired morphological profile. The GAN is trained in an adversarial 91 
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manner meaning that at every training step the generator comes with better 92 

suggestions to fulfil the criteria of the discriminator, but at the same time the 93 

evaluation by the discriminator becomes stricter each time. This conditional 94 

GAN was trained with 126,779 morphological profiles induced by 30,616 95 

compounds in the U2OS cell line reported by Bray et al.35 (see Methods for 96 

more details).  97 

 98 

Figure 1. Graphical representation of the models and distribution of similarity. 99 

Molecules were encoded using a model that transforms SELFIES36 of a 100 

molecule into a latent representation that can be later decoded back into 101 

SELFIES (a). The generative adversarial network in (b) has a generator (𝐺 in 102 

blue) that takes the desired morphological profile together with a vector of 103 

random noise to produce a molecular representation that can be decoded into 104 

SELFIES using the decoder (in red). The discriminator (𝐷 in purple) calculates 105 

the probability of the molecular representation to be a real molecule and the 106 

conditional network (𝑓  in green) calculates the probability of the molecular 107 

representation to match the morphological profile. Distributions shown in (c) 108 

represent the number of unique (blue) and synthesizable (green) molecules 109 

generated across the 114 morphological features from overexpressed genes. 110 
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Distributions of similarity measurements between all generated molecules and 111 

their most similar known agonist were calculated using MACCS (d) and Morgan 112 

fingerprints (e). 113 

We used this framework to generate compounds that mimic the morphological 114 

changes observed when overexpressing a specific target gene in the U2OS cell 115 

line using cDNA. We focused on 12 genes that where individually 116 

overexpressed by Rohban et al.25 in U2OS using different cDNA open reading 117 

frames (ORFs), namely BRCA1, CREBBP, HIF1A, HSPA5, JUN, NFKB1, 118 

NFKBIA, PDPK1, PRKAA1, STAT1, STAT3, and TP53. Considering all ORFs 119 

per gene, we computed a total of 114 morphological profiles and generated 120 

1,000 molecules for each of them. On average, each morphological profile 121 

produced 46.7% of valid molecules from which most of them (45.6%) 122 

correspond to unique compounds and 41.4% presented a synthetic accessibility 123 

score37 < 4.5, meaning they have high chances to be synthesized (Figure 1c). 124 

To test the ability of our model to generate phenotype-tailored molecules, we 125 

evaluated the similarity between the generated compounds and known agonists 126 

of the 12 selected targets. Agonists were retrieved from ExCAPE database38 127 

making sure to exclude all of them that were present in the training set. Overall, 128 

generated molecules share similar chemical groups with the known agonist 129 

compounds (median MACCS39 similarity = 0.72, IQR = 0.18) but also share a 130 

good proportion of molecular substructures (median Morgan Fingerprints 131 

similarity = 0.30, IQR = 0.12) as shown in Figures 1d and 1e. Figure 2 shows 132 

examples of the generated molecules presenting the highest similarity to a 133 

known active molecule for each of the overexpressed targets. 134 
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 135 

Figure 2. Chemical structures of molecules generated by the model. These 136 

molecules were obtained by conditioning the model using the microscopy 137 

images of 12 different overexpressed genes and are depicted next to their 138 

closest active nearest neighbour. 139 

A scaffold analysis of the generated molecules revealed that the model can 140 

generate molecules containing the same scaffolds as the known active 141 

molecules. Tables 1 and 2 show the number of shared scaffolds per target. 142 

Interestingly, more than 20% of molecules generated for BRCA1 and NFKB1 143 

contain a Murcko scaffold that is known to be active. This rate is considerably 144 

increased when using Murcko generic scaffolds, which is an abstraction form of 145 

scaffold where all atoms are converted into carbon atoms and all bonds 146 

transform into single bonds. In this case, more than 50% of molecules 147 

generated for BRCA1 and NFKB1 and more than 25% for TP53 and HSPA5 148 

contain a known active generic Murcko scaffold. Interestingly, none of the 149 

molecules generated for JUN and PRKAA1 contain a known active Murcko 150 

scaffold or generic scaffold. Nonetheless, it is worth noting that only less than 151 
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five Murcko scaffolds have been reported in the ExCAPE database to have an 152 

agonist effect on these targets. 153 

 154 

Table 1. Comparison of Murcko scaffolds in generated molecules and known 155 

agonists from ExCAPE database. 156 

 Valid and synthetic 
accessible molecules 

Unique scaffolds in 
known agonists 

Generated 
molecules containing 

an active scaffold 

Unique active 
scaffolds present in 

generated molecules 

PDPK1 4624 1 0 0 

BRCA1 3444 4632 861 97 

NFKB1 3343 256 703 39 

STAT1 4304 78 61 10 

NFKBIA 2435 4 93 1 

STAT3 6824 56 359 9 

PRKAA1 2410 3 0 0 

CREBBP 2591 80 0 0 

HIF1A 4665 38 1 1 

JUN 5787 4 0 0 

TP53 4250 7522 718 126 

HSPA5 2592 551 133 24 

 157 

Table 2. Comparison of Murcko generic scaffolds in generated molecules and 158 

known agonists from ExCAPE database. 159 

 Valid and synthetic 
accessible molecules 

Unique generic 
scaffolds in known 

agonists 

Generated 
molecules containing 

an active generic 
scaffold 

Unique active 
generic scaffolds 

present in generated 
molecules 

PDPK1 4624 1 19 1 

BRCA1 3444 2146 2248 237 

NFKB1 3343 201 1783 66 

STAT1 4304 62 562 36 

NFKBIA 2435 4 109 1 

STAT3 6824 51 835 21 

PRKAA1 2410 2 0 0 

CREBBP 2591 76 100 14 

HIF1A 4665 32 141 7 

JUN 5787 4 0 0 

TP53 4250 4627 1851 374 

HSPA5 2592 406 677 90 

 160 
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In order to choose the most promising compounds for experimental evaluation 161 

we filtered all generated compounds based on physicochemical properties, 162 

namely LogP between 0 and 7, molecular weight less than 750 daltons, number 163 

of hydrogen bond donors and acceptors below 10 and less than 10 rotatable 164 

bonds. This filtering step reduced the total number of molecules to 39,801. 165 

Additionally, we removed those compounds that contained non medicinal 166 

chemistry friendly SMART and toxalert40,41 leaving a total number of 33,341 167 

compounds. Since we are interested in novel molecules, we filtered out those 168 

compounds with Morgan Fingerprints similarity higher than 0.8 compared to 169 

compounds in the training set, which reduced the number of compounds to a 170 

total of 33,309. In a further step, we used in-house models to rank generated 171 

molecules based on their probability to cross the cellular membrane in a Caco-2 172 

assay. These helped us to choose at least 100 molecules for each target that 173 

were examined by an experienced chemist. Some of these molecules are 174 

currently being synthesized and tested on a cell painting assay. 175 

 176 

Table 3. Number of generated molecules per target after each of the filtering 177 

steps. 178 

  
Valid and synthetic 

accessible 
molecules 

After 
physicochemical 

filters 

After removing 
compounds with 

ToxAlerts 

Compounds with 
low similarity to the 

training set* 

BRCA1 3444 2843 2347 2342 

CREBBP 2591 2185 1905 1902 

HIF1A 4665 4107 3564 3562 

HSPA5 2592 2373 2104 2102 

JUN 5787 4071 3405 3403 

NFKB1 3343 3184 2634 2626 

NFKBIA 2435 2136 1699 1699 

PDPK1 4624 4059 3447 3443 

PRKAA1 2410 1883 1489 1486 

STAT1 4304 3849 3337 3335 

STAT3 6824 5589 4664 4663 

TP53 4250 3522 2746 2746 

*Similarity threshold set to 0.8 using Morgan Fingerprints and Dice distance 179 

 180 

 181 
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Conclusions 182 

In this work, we showed that it is possible to combine artificial intelligence with 183 

morphological cellular images in order to design new compounds. In this 184 

specific proof of concept, the model was able to use the information contained 185 

in a genetically induced phenotypic profile to produce molecules that present 186 

high structural similarity to known agonists of a particular target. We expect that 187 

this work will help to attract more attention to systems-based approach, 188 

particularly to high throughput imaging screening. In addition, we expect that 189 

more computational tools, like the one presented in this paper, will help 190 

increase the efficiency of the systems-based approaches in order to accelerate 191 

drug discovery R&D. 192 

   193 
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Methods 194 

Data set: For this study we used a data set coming from a high-content 195 

screening of 30,616 compounds that followed the cell painting protocol.35 More 196 

specifically, Human Bone Osteosarcoma Epithelial cells (U2OS cells) were 197 

plated and treated with each of these compounds (details can be found 198 

elsewhere17) in quadruplicate. Each well was imaged using 5 fluorescent 199 

channels and 6 fields of view. The different dyes used in cell painting were 200 

chosen to stain different organelles or cellular components including: nucleus, 201 

endoplasmic reticulum, nucleoli, cytoplasmic RNA, cytoskeleton, Golgi, plasma 202 

membrane and mitochondria.17,18 Raw images from different fields and 203 

channels were processed using CellProfiler23 to extract morphological profiles 204 

composed by 1,783 quantitative features (e.g. cellular shape, intensity, texture, 205 

etc.) able to capture slight morphological changes induced by the treatment. 206 

More details on the experimental and processing protocols can be found in the 207 

original publication.35 In the end, this data set is composed by 126,779 208 

morphological profiles corresponding to 30,616 compounds. Notice that each 209 

compound is associated with at least 4 population-averaged morphological 210 

profiles coming from replicates, which were treaded independently.  211 

As a test set we used morphological profiles calculated from images taken 212 

during a high-content profiling campaign of gene gain-of-function recently 213 

published.25 In that work, Rohban et al. profiled the overexpression of 323 open 214 

reading frames (ORF) constructs also following the cell painting protocol. 215 

Illumination corrected images for the test set were obtained from The Image 216 

Data Resource (IDR) web API. To assure comparability of profiles between test 217 

and training sets, we closely followed the feature extraction protocol from Bray 218 

et al.35. Single-cell profiles were calculated with CellProfiler 2.2.0 using the 219 

analysis.cppipe pipeline, which was slightly modified to take input .csv files. 220 

Population-averaged profiles were computed as the median among all cells 221 

from all fields of view per well. As sanity check, we confirmed that our feature 222 

extraction methodology was able to reproduce the single-cell and population-223 

averaged profiles reported by Bray et al.35 for a randomly chosen plate (plate 224 

number 25690). 225 
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All molecular structures were pre-processed using the MolStandardize module 226 

from RDKIT42. First, molecules as SMILES codes were standardized by 227 

removing hydrogens, sanitizing the molecules, disconnecting metals and 228 

normalizing the structure. Then, only the largest fragment of each molecule was 229 

kept, and their charges were neutralized. Finally, the uncharged molecules were 230 

transformed back into a non-isomeric form of canonical SMILES. Despite 231 

SMILES can capture information regarding the molecular structure, they do not 232 

capture the molecular graph connectivity. In order to overcome this issue, we 233 

further transform SMILES into self-referencing embedded strings (SELFIES)36 234 

which are able to encode molecular graphs in a simple and deterministic way. In 235 

order to use SELFIES as input for our model, they were transformed into a one-236 

hot encoding format just keeping those tokens that appear in at least 100 237 

molecules from the 1.5 million contained in ChEMBL2243 (Figure 3). Molecules 238 

containing different SELFIES tokens to the ones selected previously or SMILES 239 

strings larger than 120 character were removed from the dataset.  240 

 241 

Figure 3. Tokens that appear in a least 100 molecule from the 1.5 million 242 

contained in ChEMBL2243  243 

Molecular Embedding: Recent studies have shown that is possible to encode 244 

molecules (as SMILES34,44,45, graphs or SELFIES36) into a continuous 245 

representations. As before34,45,46, we used a molecular autoencoder but in this 246 
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case it learns to encode SELFIES of a molecule (as one-hot encoding) into a 247 

continuous latent vector, which then can be decoded back into SELFIES. The 248 

architecture of this model is based on the previous work of Winter et al.34,45, 249 

where the encoder is comprised by three stacked Gate Recurrent Unit (GRU) 250 

cells where their resulting cell states are concatenated and fed into two 251 

independent fully connected layers which predict the mean and standard 252 

deviation of a distribution from which the latent vector will be sampled for the 253 

variational approach. After sampling, the latent vectors are compressed by a 254 

tanh activation function to produce the final latent vectors of 256 dimensions 255 

with values between -1 and 1. The decoder takes as input the latent vectors 256 

which are fed into a fully connected layer two expand them from 256 to 768 257 

dimensions. This vector is split into three vectors of 256 dimensions and used 258 

as initial states of another three stacked GRU cells. The output of the stacked 259 

GRU was followed by a dropout layer (rate of 0.2) and a dense layer (with a 260 

softmax activation function), which generates a probability distribution over all 261 

possible SELFIES tokens for each time step. This variational molecular 262 

autoencoder was trained following a teacher-forcing47 scheme during 10 epochs 263 

on 1.25 million molecules extracted from ChEMBL 2243 complemented by the 264 

molecules in the training set.  265 

Generator architecture (G(z,c)): The generator receives as input the condition, 266 

in this case a morphological profile (of 1,449 features), and a 1,000-267 

dimmensional noise vector sampled from a normal distribution. The input noise 268 

is processed by a 2-layer multilayer perceptron (MLP) with 512 and 256 nodes, 269 

respectively, where each layer uses LeakyRelu as activation function. At the 270 

same time, the morphological features are processed by an MLP of size [1024, 271 

512, 256] also using LeakyRelu after each layer. The two resulting tensors are 272 

concatenated and used as input for another 2-layer MLP, where the first layer 273 

has 256 nodes and LeakyRelu activation function. The second layer acts as an 274 

output layer (i.e. the number of nodes is equal to the dimensionality of the latent 275 

space) and is followed by a tanh activation function. 276 

Discriminator architecture: The discriminator is composed of a 4-layer MLP of 277 

[256, 256, 256, 1] hidden units with LeakyRelu activation function in the first 278 

three layers. In order to reduce overfitting, dropout with rate of 0.4 was used 279 
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between the second and third hidden layers and between the third and the last 280 

layer of the MLP.  281 

Conditional network architecture: This network estimates the probability of a 282 

molecular representation to match a morphological profile. Here the 283 

morphological profile is processed by a MLP of 3 layers with 1024, 512 and 256 284 

units, respectively, and then regularized by a dropout layer with rate of 0.4. In a 285 

similar way, the latent space coordinates of the compound are also fed into a 2-286 

layer MLP with dimension [256, 256] and finalized with a dropout layer. The 287 

outputs of these two MLP, corresponding to the processed morphological profile 288 

and compound information, were concatenated and used as input of an MLP of 289 

size [256, 1] using LeakyRelu and sigmoid activation functions, which estimates 290 

the probability of a molecule to produce a certain morphological profile. 291 

Training: The conditional generative adversarial network was trained during 292 

500 epochs using a batch size of 256. Here, an epoch was composed by 496 293 

steps where the weights of the discriminator were updated after each step, 294 

whereas those of the generator every 10 steps. The network was trained using 295 

the RMSprop optimizer with learning rate of 1 x 10-4 for both the generator and 296 

discriminator. The weights of the conditional network were pretrained and 297 

frozen during the GAN training process. All neural networks were built and 298 

trained using Tensorflow 1.1448. 299 

Model evaluation: During training, we generated a molecular representation for 300 

each morphological profile in the training set at the end of each epoch. These 301 

were used to evaluate the similarity between the generated and real molecular 302 

representations using Fréchet distance. The Fréchet distance measures the 303 

similarity between two distributions (in this case the real and generated) and 304 

was recently proposed as an efficient way to evaluate the efficacy of generative 305 

models.49 This metric takes the mean and covariance of the real distribution (µr 306 

and Cr, respectively), together with the mean and covariance of the generated 307 

distribution (µg and Cg) in the following formulation: 308 

𝑑2 ((µr, Cr), (µg, Cg)) = ‖µg − µr‖
2

2
+ 𝑇𝑟(Cg + Cr − 2(Cg Cr)

1/2
) 309 
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Generating molecules from features of morphological images: We used 310 

114 morphological profiles from the ones reported by Rohban et al. after 311 

overexpressing open reading frames (ORFs) corresponding to 12 different 312 

genes: BRCA1, CREBBP, HIF1A, HSPA5, JUN, NFKB1, NFKBIA, PDPK1, 313 

PRKAA1, STAT1, STAT3, and TP53. Known agonists of the corresponding 314 

protein expressed by these genes were extracted from the ExCAPE database38. 315 

For these 12 targets we generated 1000 molecular representation for each 316 

morphological profile (114 in total) and evaluated the model by comparing the 317 

generated molecules to the known agonists of these targets. Dice similarity 318 

between the generated compounds and the molecules with known agonistic 319 

effect was computed using MACCS keys and Morgan Fingerprints (radius = 3, 320 

1024 bits) with RDKIT.42 Despite that the similarity between each generated 321 

molecule and each known agonist was calculated, only the one corresponding 322 

to the closest known agonist was recorded for each generated molecule and 323 

used for further analysis. It is worth mentioning that during these validation 324 

tasks both the number of valid molecules (validity measure) and the number of 325 

unique molecules (uniqueness measure) were recorded as sanity check for the 326 

generative model. 327 
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