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INTRODUCTION

Schizophrenia is a chronic mental illness accompanied by 
psychotic symptoms such as hallucination and delusion, neg-
ative symptoms such as avolition and affective blunting, and 
cognitive impairment. This condition is the eleventh leading 
cause of years lived with disability in 2013.1,2 Drugs for psychi-
atric disorders, including schizophrenia, mainly act on mono-
amine receptors, and have an overall therapeutic effect of ap-
proximately 50%. Intractable cases occur in about 20% of 
patients.3,4 Factors that include low drug adherence, as well 
as psychiatric and medical comorbidities, contribute to drug 
treatment resistance. However, antipsychotics resistance ap-
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pears even in schizophrenia patients with high adherence to 
treatment and no comorbidities, which results in unmet medi-
cal demand.5

Clozapine is an antipsychotic drug that has the best effect 
on auditory hallucinations and delusions among antipsychot-
ics, and has fewer extrapyramidal side effects such as the Par-
kinsonian-like behavior induced by antipsychotic drugs.6 Clo-
zapine was shown to be effective in about 70% of patients who 
were resistant to antipsychotic drugs other than clozapine. How-
ever, in a previous study, about 50% of schizophrenia symp-
toms persisted for more than 12 years among clozapine-treated 
patients and it is estimated that clozapine treatment resis-
tance reaches 10% of patients with schizophrenia.7 Since clo-
zapine began to be used to treat schizophrenia patients in the 
late 1980s, antipsychotic drugs that show better effect than clo-
zapine have not been developed. This is due to the lack of un-
derstanding of the pathophysiology of mental disorders, the 
incomplete identification of molecular-pharmacological tar-
gets of existing drugs, the lack of preclinical models, and the 
factors that make it difficult to predict accurately the clinical 
response due to the diversity of disease courses.8-10 To improve 
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the symptoms of clozapine-resistant schizophrenia patients, 
additional pharmacological or biological treatments such as 
antidepressants, mood stabilizers, and electroconvulsive ther-
apy are combined, but the effect is just temporary or insufficient 
to control the mental illness. Thus, a new treatment target and 
related drug discovery is needed to overcome schizophrenia.

Olanzapine and quetiapine are classified as thienobenzodi-
azepine and dibenzothiazepine, respectively. They have chemi-
cal structures similar to clozapine, which is classified as diben-
zodiazepine (Figure 1).11 Quetiapine is used in the guideline 
as a first-line drug for schizophrenia and bipolar affective dis-
order. Olanzapine has stronger efficacy but also a strong weight-
gain effect, so it is used as a second-line drug.12-14 Like most 
small molecule drugs, clozapine, olanzapine, and quetiapine 
all have multiple targets. In particular, psychiatric drugs act as 
magic shotguns rather than magic bullets.9

Known targets of clozapine include 5-HT2A, 5-HT2C, D2, 
D4, alpha1, alpha2, H1, M1-5, N-methyl-D-aspartate (NMDA), 
and GABAB receptors.15,16 Drugs such as Ulotaront, the TAAR1 
agonistic and non-D2 antagonistic antipsychotic offers hope 
to treat schizophrenia.17,18 However, overall, there are currently 
no antipsychotics for schizophrenia more effective than clo-

zapine, and new antipsychotic drugs for clozapine-resistant 
patients are urgently needed.

In this study, GNINA, a pretrained convolutional neural 
network (CNN) scoring function, was used to calculate bind-
ing poses. It is based on learned representations of 3D protein-
ligand interactions. GNINA, a fork of Smina, outperforms 
Smina and AutoDock Vina in virtual screening methods.19,20 
Also in this study, the protein structure predicted by Alpha-
Fold2 was used, especially the drug target receptors.21 Through 
this study, receptors known to affect schizophrenia-related 
neurotransmitters, as well as immunological, metabolic, and 
neural stem cell growth were searched and found in the Al-
phaFold Protein Structure Database. Then they were analyzed 
with GNINA. The differences in receptor affinities according 
to drugs were measured, and receptors that could be used in 
drug discovery for schizophrenia are proposed for further study. 

In detail, using the already developed GNINA and Alpha-
Fold, the neuropharmacological, immune, and metabolic re-
ceptors that specifically act on each drug among clozapine, olan-
zapine, and quetiapine are explored. And based on these results, 
they discovered specific drugs that act on these receptors.
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Figure 1. Chemical structures of antipsychotic and immunosuppressive drugs focused in deep learning-based molecular docking. A: Clo-
zapine (the compound number in PubChem, 135398737). B: Olanzapine (135398745). C: Quetiapine (5002). D: Cyclosporin A (5284373). 
E: Everolimus (6442177).
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METHODS

Supplementary Table 1 (in the online-only Data Supplement) 
is a list of the receptors included in this study, which were clas-
sified as neuropharmacological (neuro), immunological (im-
mune), or metabolic receptors.8,22-27 In particular, it contains 
receptors involved in the metabolism of neural stem cells.27-30

Ligands other than clozapine, olanzapine, and quetiapine in 
Supplementary Table 2 (in the online-only Data Supplement) 
were included in this study as the most commonly prescribed 
drugs31-33 (including illegal drugs) and drugs used for targeted 
therapy.34 Monoclonal antibodies were excluded because they 
could not be measured using GNINA.

The protein pdb file of the target receptor was downloaded 
from the AlphaFold Protein Structure Database (https://alpha-
fold.ebi.ac.uk/). The downloading code was automated using 
the crawling library called selenium and request.

PDBFixer in OpenMM was used to perform the tasks that 
needed to be processed before performing docking simula-
tion between protein and ligand.35 In short, PDBFixer is an ap-
plication that fixes problems in the Protein Data Bank files to 
prepare them for simulation.

DeepChem (https://deepchem.io/) makes the most suitable 
pose for protein and ligand docking. This prepares protein-
ligand complexes for docking. Afterwards, using the processed 
pdb file and SMILES of the drug, we declared PoseGenerator 
in GNINA, and docked the protein and ligand with generate_
poses in the default scoring setting. As a result, scores dis-
played the results obtained through a pretrained CNN, includ-
ing binding affinity. The scores include binding affinities (kcal/
mol), CNN pose scores (a probability that the pose has a low 
root mean square deviation to the binding pose), and CNN af-
finities predicted by GNINA19. The Pearson correlation effi-
cient value between binding affinities and CNN affinities was 
-0.66, (p<0.0001). In this study, the results were compared us-
ing only CNN affinity values. We used the highest values of 
CNN affinities, and there was no difference in the order of re-
ceptors between the lowest and highest values.

The PyMOL Molecular Graphics System, Version 1.8 
(Schrödinger LLC., New York, USA) was used to visualize 
the ligand-target interaction. No institutional review board 
approval is required as no humans or animals were involved 
in this study.

RESULTS

Top 20 CNN affinities by receptor
We obtained CNN binding affinities values for each of the 

220 receptors that interacted with the three drugs via GNI-
NA (Figure 2). The highest CNN affinities value was obtained 

from clozapine-bound cannabinoid receptor 2 (CB2, 7.522), 
olanzapine-bound serotonin 1B receptor (5-HT1BR, 7.004), 
olanzapine-bound muscarinic cholinergic receptor 5 receptor 
(M5, 6.713), and olanzapine-bound C-C chemokine receptor 
type 5 receptor (CCR5, 6.677) followed. Moreover, quetiap-
ine showed the highest value with neuropeptide Y 4 receptor 
(NPYR4, 6.657). Overall, out of the top 20, 8 neuro receptors 
(red), 5 immune receptors (green), and 7 metabolic (blue) re-
ceptors were included in the list. Figure 2 shows the 3D struc-
ture of the receptor with the highest CNN affinities for each 
ligand.

CNN affinities among receptors for antipsychotics 
Among the receptors bound to clozapine, CB2 had the high-

est value, followed by CCR4 (6.511), CCR5 (6.500), CCR3 
(6.451), and C-X-C chemokine receptor 3 (CXCR3, 6.424). 
4 neuro receptors, 10 immune receptors, and 6 metabolic re-
ceptors were included in the list for CNN affinities among 
receptors for clozapine, and immune receptors were the most 
common in the top 20. Keratin was included in the analysis 
as a control for the receptors.

Among the receptors bound to olanzapine, 5-HT1BR had 
the highest value, followed by M5 (6.713), CCR5 (6.677), M1 
(6.534), and CCR3 (6.459). Neuro receptors were 5, immune 
receptors 4, metabolic receptors 11 in the list, and metabolic 
receptors were the most common.

Among the receptors bound to quetiapine, NPYR4 had the 
highest value, followed by fibroblast growth factor receptor 3 
(FGFR3, 6.436), CCR5 (6.296), CCR8 (6.239), and patched 
domain containing 4 (PTCHD4, 6.234). Neuro receptors were 
8, immune receptors 6, metabolic receptors 6 in the list, and 
metabolic receptors were the most common (Table 1).

CNN affinities among the receptors bound by the 
classified receptor system

In neuro receptors, the order of CNN affinities was CB2 
(7.522), 5-HT1BR (7.004), M5 (6.713), M1 (6.534), and 
5-HT2AR (6.309). More than two receptors related to 5-HT, 
muscarinic, CB, and melatonin were included, and TAAR, 
VIAAT, VGLUT1, and GRIK4 were also included.

Among immune receptors, CNN affinities of CCR5 (6.677), 
CCR4 (6.511), CCR3 (6.459), CXCR3 (6.424), and CCR8 
(6.239) were shown. Two or more CCR, CXCR, and prostaglan-
din-related proteins were included, and the C5a receptor, toll-
like receptor 2, and prostacyclin receptor were also included.

In the metabolic receptors, CNN affinities were shown in 
the order of NPYR4 (6.657), FGFR3 (6.436), vascular endo-
thelial growth factor 3 (VEGFR3, 6.368), NPYR1 (6.329), and 
PTCHD4 (6.234). Two or more NPYR, orexin receptor, FGFR 
and melanocortin receptor-related proteins were included, 

https://alphafold.ebi.ac.uk/
https://alphafold.ebi.ac.uk/
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and vasopressin receptor, oxytocin receptor, progesterone re-
ceptor, platelet-derived growth factor, Tropomyosin receptor 
kinase C receptor, and glial cell-derived neurotrophic factor 
were also included (Table 2).

Top 20 CNN affinities among widely used drugs and 
the highest binding receptors for antipsychotics 

We found that CB2, 5-HT1BR, NPYR4, and CCR5 showed 

high affinities with the antipsychotics through this study, so 
we performed additional analysis to search for affinities with 
a wider range of ligands for these receptors.

Surprisingly, cyclosporine showed the highest affinities for all 
three receptors except for CCR5 (CB2 7.996, 5-HT1BR 7.423, 
NPYR4 7,785), everolimus had the highest affinities for CCR5 
(7.584), and the other three receptors had the second highest 
affinities with it (CB2 7.388, 5-HT1BR 7.422, NPYR4 7.420).

CB2-clozapine 5-HT1BR-olanzapine NPYR4-quetiapine CCR5-olanzapineA  

E

B C D

Figure 2. Top 20 convolutional neural network (CNN) affinities by receptor. A: A representative image of binding between cannabinoid re-
ceptor 2 (CB2) and clozapine. B: A representative image of binding between sertotonin receptor 1B (5-HT1BR) and olanzapine. C: A repre-
sentative image of binding between neuropeptide Y receptor 4 (NPYR4) and quetiapine. D: A representative image of binding between C-C 
chemokine receptor 5 (CCR5) and olanzapine. E: Top 20 list of CNN affinities by receptor, neuropharmacological receptors are shown in 
red, immunological receptors in green, and metabolic receptors in blue. Shading in the table indicates the drug-receptor binding pair with 
the highest affinity. 5-HT, 5-hydroxytryptamine (serotonin) receptor; CB, cannabinoid receptor; CCR, C-C chemokine receptor; CXCR, C-X-
C chemokine receptor; FGFR, fibroblast growth factor receptor; M, Muscarinic acetylcholine receptor; NPYR, neuropeptide Y receptor; 
PTCHD, patched domain-containing protein; VIAAT, vesicular inhibitory amino acid transporter.

0.7190
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In addition, for CB2: octreotide (7.120), trametinib (7.036), 
and maraviroc (6.979) showed high affinities (in this order), 
and for 5-HT1BR: salinomycin (7.105), tacrolimus (7.050), 
nilotinib (6.913), and for NPYR4: crizotinib (7.100), nilotinib 
(6.976), lapatinib (6.953), and for CCR5: nilotinib (7.420), 
crizotinib (7.417), maraviroc (7.410), and cyclosporine (7.373) 
were found in that order (Figure 3).

DISCUSSION

Throughout this study, we used CNN-based GNINA to es-
timate the affinities of clozapine, olanzapine, and quetiapine 
with neuropharmacological, immunological, and metabolic 
receptors predicted from AlphaFold. Through this in silico 
study, we confirmed that antipsychotic drugs act not only on 
neuropharmacological receptors but also on immune and met-

Table 1. Top 20 CNN affinities among receptors for antipsychotics

CNN pose CNN affinities
Clozapine

CB2 0.7190 7.522
CCR4 0.7282 6.511
CCR5 0.8832 6.500
CCR3 0.6212 6.451
CXCR3 0.6121 6.424
NPYR1 0.8153 6.329
5-HT2AR 0.9436 6.309
VIAAT 0.8697 6.298
M1 0.7386 6.241
CCR8 0.8230 6.200
NPYR5 0.6819 6.156
OrexinR1 0.7103 6.086
PTCHD4 0.6221 6.082
CXCR6 0.5169 6.074
NPYR2 0.6822 6.065
CXCR5 0.6991 5.932
CXCR2 0.8291 5.918
CCR7 0.8554 5.914
PDGFb 0.5022 5.905
ProstaglandinE2REP4 0.7796 5.893
Keratin 0.8034 4.764

Olanzapine
5-HT1BR 0.7759 7.004
M5 0.6796 6.713
CCR5 0.6367 6.677
M1 0.7347 6.534
CCR3 0.6083 6.459
VEGFR3 0.5331 6.368
CCR4 0.7912 6.363
M4 0.5657 6.241
NPYR4 0.5697 6.185
FGFR4 0.5648 6.178
NPYR5 0.5715 6.178
NPYR1 0.6426 6.113
NPYR2 0.7241 6.085
PTCHD1 0.7769 6.077
CXCR5 0.5971 5.998
FGFR3 0.3654 5.954
IRRP 0.5311 5.910
OrexinR1 0.6282 5.825
GABA epsilon 0.6251 5.810
OrexinR2 0.6036 5.806
Keratin 0.7428 4.529

Table 1. Top 20 CNN affinities among receptors for antipsychotics 
(continued)

CNN pose CNN affinities
Quetiapine

NPYR4 0.8162 6.657
FGFR3 0.5511 6.436
CCR5 0.5938 6.296
CCR8 0.5906 6.239
PTCHD4 0.7645 6.234
MelatoninR1b 0.9085 6.153
M4 0.5366 6.147
CCR7 0.9301 6.028
NPYR1 0.5912 6.026
CXCR5 0.5576 6.024
CB1 0.9257 6.024
V2 0.9054 6.011
MelatoninR1a 0.6645 5.996
NPYR5 0.4089 5.985
TAAR1 0.7617 5.984
5-HT2AR 0.8096 5.981
ProstaglandinE2REP4 0.7903 5.981
5-HT2CR 0.5341 5.976
GRIK4 0.8778 5.956
CXCR3 0.4381 5.953
Keratin 0.6079 4.218

CNN, convolutional neural network; 5-HT, 5-hydroxytryptamine 
(serotonin) receptor; CB, cannabinoid receptor; CC, C-C chemo-
kine receptor; CXC, C-X-C chemokine receptor; FGFR, fibroblast 
growth factor receptor; GABA, Gamma-aminobutyric acid recep-
tor; GRIK, Glutamate receptor ionotropic, kainite; IRRP, insulin 
receptor related protine; VEGFR, vascular endothelial growth fac-
tor receptor; VIAAT, vesicular inhibitory amino acid transporter; 
V, vassopressin receptor
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abolic receptors. In particular, CB2 for clozapine, 5-HT1BR for 
olanzapine, and NPYR4 for quetiapine showed the highest 
affinities.

Neurons and glia in the brain are expected to account for 
about 100 billion cells, respectively.36 In addition to the rapid 
electrophysiological properties of neurons, which are excitable 
cells, the modulatory effect of G protein-coupled receptor is 
also important for cellular functions, including signal trans-
duction.37,38 The function of neurons cannot be maintained 
without the role of the glia cells that make up the brain. 
Therefore, it is essential to understand the action of antipsy-
chotics on immunological and metabolic receptors as well as 
neuropharmacological receptors. In this study, we performed 
an exploratory study involving a variety of receptors to un-

Table 2. Top 20 CNN affinities among receptors bound by classi-
fied receptor system

CNN 
pose

CNN 
affinities

Olan Quet Clo

Neuro
CB2 0.7190 7.522 *
5-HT1BR 0.7759 7.004 *
M5 0.6796 6.713 *
M1 0.7347 6.534 *
5-HT2AR 0.9436 6.309 *
VIAAT 0.8697 6.298 *
M4 0.5657 6.241 *
MelatoninR1b 0.9085 6.153 *
CB1 0.9257 6.024 *
MelatoninR1a 0.6645 5.996 *
TAAR1 0.7617 5.984 *
5-HT2CR 0.5341 5.976 *
GRIK4 0.8778 5.956 *
5-HT6R 0.8680 5.950 *
VGLUT1 0.7824 5.916 *
5-HT3AR 0.9049 5.874 *
HistamineR1 0.7191 5.857 *
5-HT1AR 0.5862 5.856 *
GABA epsilon 0.4967 5.847 *
GABA rho-1 0.7752 5.816 *

Immune
CCR5 0.6367 6.677 *
CCR4 0.7282 6.511 *
CCR3 0.6083 6.459 *
CXCR3 0.6121 6.424 *
CCR8 0.5906 6.239 *
CXCR6 0.5169 6.074 *
CCR7 0.9301 6.028 *
CXCR5 0.5576 6.024 *
ProstaglandinE2REP4 0.7903 5.981 *
CXCR1 0.4841 5.944 *
CXCR2 0.8291 5.918 *
ProstaglandinD2R 0.6284 5.815 *
ProstaglandinF2aR 0.7264 5.776 *
ProstacyclinR 0.5927 5.664 *
C5aR 0.5092 5.646 *
ProstaglandinE2REP1 0.6847 5.614 *
CXCR4 0.6879 5.600 *
CCR6 0.6100 5.600 *
ProstaglandinD2R2 0.8643 5.597 *
TLR2 0.7450 5.589 *

Table 2. Top 20 CNN affinities among receptors bound by classi-
fied receptor system (continued)

CNN 
pose

CNN 
affinities

Olan Quet Clo

Metabolic
NPYR4 0.8162 6.657 *
FGFR3 0.5511 6.436 *
VEGFR3 0.5331 6.368 *
NPYR1 0.8153 6.329 *
PTCHD4 0.7645 6.234 *
FGFR4 0.5648 6.178 *
NPYR5 0.5715 6.178 *
OrexinR1 0.7103 6.086 *
NPYR2 0.7241 6.085 *
PTCHD1 0.7769 6.077 *
V2 0.9054 6.011 *
IRRP 0.5311 5.910 *
PDGFb 0.5022 5.905 *
TrkC 0.6214 5.877 *
MCR4 0.8809 5.826 *
Putative NPYR6 0.7462 5.824 *
NPYR4-2 0.8125 5.810 *
GDNFR1 0.5613 5.807 *
OrexinR2 0.6036 5.806 *
OxytocinR 0.6559 5.713 *

*the drug-receptor binding pair with the highest affinity. CNN, 
convolutional neural network; 5-HT, 5-hydroxytryptamine (sero-
tonin) receptor; CB, cannabinoid receptor; CC, C-C chemokine 
receptor; CXC, C-X-C chemokine receptor; FGFR, fibroblast 
growth factor receptor; GABA, gamma-aminobutyric acid recep-
tor; GRIK, glutamate receptor ionotropic kainite; IRRP, insulin re-
ceptor related protine; MCR, melanocortin receptor; TAAR, trace 
amino acid receptor; VEGFR, vascular endothelial growth factor 
receptor; VIAAT, vesicular inhibitory amino acid transporter; V, 
vassopressin receptor
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derstand the interactions of neurons and glia and the func-
tioning of the brain within the body’s immune and metabolic 
environment.

In the field of psychiatry, drug discovery including virtual 

screening is actively progressing, but there are still unmet needs 
and it is one of the most difficult areas to develop new drugs.39,40 
However, looking at some studies using deep learning and 
virtual screening, there is a study that predict drug reposition-

Cyclosporin A

CB2 NPYR4

5-HT1BR CCR5

Everolimus Cyclosporin A Everolimus

A  

C

I
Figure 3. Top 20 convolutional neural network (CNN) affinities among widely used drugs and the highest binding receptors for antipsychot-
ics. A: A representative image of binding between cannabinoid receptor 2 (CB2) and cyclosporin A. B: A representative image of binding be-
tween CB2 and everolimus. C: A representative image of binding between sertotonin receptor 1B (5-HT1BR) and cyclosporin A. D: A repre-
sentative image of binding between 5-HT1BR and everolimus. E: A representative image of binding between neuropeptide Y receptor 4 
(NPYR4) and cyclosporin A. F: A representative image of binding between NPYR4 and everolimus. G: A representative image of binding 
between C-C chemokine receptor 5 (CCR5) and cyclosporin A. H: A representative image of binding between CCR5 and everolimus. I: Top 
20 list of CNN affinities by receptors found in this study including CB2, 5-HT1BR, NPYR4, and CCR5, neuropharmacological receptors are 
shown in red, immunological receptors in green, and metabolic receptors in blue. LSD, lysergic acid diethylamide; THC, tetrahydrocannabinol.
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ing using various deep learning techniques in psychiatric dis-
order including schizophrenia.41 In addition, Another study 
utilized deep learning techniques to structurally predict the 
GABA receptor action of herbal compounds.42 Finally, one 
study conducted to discover optimized NMDA receptor an-
tagonists for Alzheimer’s disease using Smina and idock for 
virtual screening.43

In a previous study of CB2, nabilone-induced exacerbation 
of psychotic symptoms was reported in patients with Parkin-
son’s disease.44 Nabilone is a synthetic form of tetrahydrocan-
nabinol for nausea and vomiting in cancer patients and HIV 
patients; it acts as a partial agonist for both CB1 and CB2. The 
most worrisome side effect is psychotic symptoms, but only 
two cases have been reported in studies targeting post-trau-
matic stress disorder patients.45 Unlike CB1, which is distrib-
uted in the central nervous system, CB2 is distributed in the 
peripheral nervous system and also in immune cells such as 
lymphoid tissue and microglia.46 The antibiotic minocycline 
acts on CB2 and is expected to serve as an adjuvant treatment 
to prevent the onset or exacerbation of schizophrenia.47-49

Previous studies on 5-HT1BR have shown that triptan drugs, 
such as sumatriptan for migraine treatment, act on receptors 
such as 5-HT1AR, 5-HT1DR, 5-HT1FR, and 5-HT1BR.50 The 
action of 5-HT1BR as a selective serotonin reuptake inhibitor 
is also reported.51 Increased 5-HT1BR messenger ribonucleic 
acid in the dorsolateral prefronal cortex tissue,52 and an in-
crease in 5-HT1BR mRNA in the hippocampus were also re-
ported in a schizophrenia biomarker study.53

A previous study on NPYR4 showed that obinepitide was 
an investigational drug acting on NPYR4, and it showed weight 
loss in experimental animals by acting on NPYR2 and NPYR4.54 
Because of the high comorbidity of weight gain and metabolic 
syndrome due to schizophrenia itself and antipsychotics, it 
seems to have both the implications of a therapeutic target and 
a receptor associated with drug side effects.55 NPYR4 has not 
been studied for schizophrenia, thus this study suggests a new 
receptor target.

CCR5 is a chemokine receptor for regulated on activation, 
normal T cell expressed and secreted as its ligand and is known 
to be expressed in glia and neural stem cells.56 Because CCR5 
is known as the infection route of HIV 1, maraviroc (which in-
hibits CCR5) has been developed and used.57 Moreover, there 
is no study about treating schizophrenia using maraviroc. In a 
CCR5 gene deletion animal study, CCR5-deleted mice showed 
a decrease in social recognition.58 In a schizophrenia genome 
study, higher expression of CCR5 was reported compared to 
the control,59 and the frequencies of CCR5-A55029GA geno-
types and CCR5-A55029GAG genotypes were found to be 
higher in patients. In a genomic study of 268 schizophrenia and 
323 controls, association with the CCR5 32 deletion allele was 

reported in the late onset schizophrenia group.60 After combin-
ing previous studies, it is now expected that the regulation of 
CCR5 may affect the treatment of patients with schizophrenia.

Cyclosporine is a calcineurin inhibitor mainly used as an im-
munosuppressant. Cyclosporine-induced neurotoxicity is a 
well-known side effect and, in particular, can induce psycho-
sis.61-65 Everolimus, also an immunosuppressant, is a drug that 
acts on the mechanistic target of rapamycin and that affects 
the growth of neural stem cells.66 A case study has been re-
ported in which everolimus also induced psychosis,67 but in a 
previous study, the use of everolimus in children and adoles-
cents with tuberous sclerosis resulted in a decrease in prepulse 
inhibition, an indicator of psychosis and sensorimotor gat-
ing.68-70 In this study, high binding affinities between cyclo-
sporine and everolimus, and the receptors found in this study, 
were discovered. Now, a study to develop drugs that bind to 
the corresponding receptors, but have the opposite action 
through pharmacodynamics, can be considered.

In this study, we evaluated only CNN affinity by ligand-re-
ceptor binding in silico, and evaluation of the pharmacody-
namic effect for function is needed in the future. Moreover, 
physical measurements of ligand-receptor binding, such as 
provided by x-ray crystallography, are also required for a new 
antipsychotics discovery. Using CNN-based GNINA, we could 
perform a more accurate deep learning-based analysis than 
with the existing AutoDock Vina. In addition, a wide range of 
receptors were searched, and in particular, the limitations of 
existing protein structure studies were supplemented using Al-
phaFold. By discovering a target for new antipsychotics that 
had not been studied before (such as NPYR4), we got an op-
portunity to provide new insight into the field of drug dis-
covery for schizophrenia.

This study investigated olanzapine and quetiapine, which 
have chemical structures similar to those of clozapine, and which 
are the most effective drugs for controlling psychotic symptoms 
of schizophrenia. Furthermore, receptors upon which each drug 
acts were searched using GNINA for structure-based drug 
discovery (SBDD). It was confirmed that antipsychotics have 
high affinities on receptors (such as CB2 and CCR5) that are 
present in immune cells such as microglia, which exist in the 
immune part of the central nervous system. The receptors de-
scribed in this study are suggested to play important roles in 
the improvement of psychiatric symptoms and the prevention 
of recurrence, and furthermore, in the pathophysiology of 
schizophrenia. Cyclosporin A and everolimus, which bind 
strongly to these receptors, have potential applications in the 
development of novel antipsychotic drugs.

Clozapine, olanzapine, and quetiapine have been studied 
mainly on serotonin and dopamine receptors in previous stud-
ies because of limitations in biological resources available in 
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the past (structure of receptor proteins, accessibility, measur-
able technology, etc.).71 And there is a high need to explore the 
mechanism of drugs on a wider range of targets including re-
ceptor proteins. In addition, the relationship between immu-
nological and metabolic abnormalities and psychosis was re-
cently revealed.72,73 Therefore, the effect on immunological 
and metabolic receptors could show therapeutic effects, and 
finding new receptors with new mechanisms and drugs spe-
cific to those receptors is expected to lead to the discovery of 
treatments for antipsychotic-resistant schizophrenia patients.

Although the mechanism of mental illness is still unknown, 
the therapeutic effect of antipsychotic drugs is obvious. There-
fore, it is considered as a useful approach to explore the recep-
tor binding of antipsychotic drugs and use them to search for 
new targets. We hope that the method used in this study for 
SBDD and drug repositioning for the development of new an-
tipsychotics will be of great help to schizophrenia patients.
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Supplementary Table 1. List of receptors classified by system

Neuro Immuno Metabolic
5-HT1AR CCR2 AndrogenR
5-HT1BR CCR3 EGFR
5-HT1DR CCR4 EstrogenR
5-HT1ER CCR5 EstrogenR beta
5-HT1FR CCR6 FGFR1
5-HT2AR CCR7 FGFR 2
5-HT2BR CCR8 FGFR 3
5-HT2CR CCR9 FGFR 4
5-HT3AR CXCR1 FGFRL1
5-HT3BR CXCR2 GDNFR1
5-HT3CR CXCR3 GDNFR2
5-HT3DR CXCR4 gEstrogen
5-HT3ER CXCR5 Glucocorticoid
5-HT4R CXCR6 IRS1

5-HT5AR C1qR IRS2
5-HT6R C1qR2 IRS4

A1 C5aR Insulin receptor-related protein
A2a ComplementR1 InsulinR
A2b ComplementR2 LeptinR
A3 IFNR Leptin receptor gene-related protein 

CB1 IL1R beta MCR1
CB2 IL6R subunit alpha MCR3

CRHR1 ProstacyclinR MCR4
CRHR2 ProstaglandinD2R MCR5

Delta opioid ProstaglandinD2R2 Mineralocorticoid receptor
GABA alpha-1 ProstaglandinE2REP1 Neuron-specific vesicular protein calcyon
GABA alpha-2 ProstaglandinE2REP2 Nocturnin
GABA alpha-3 ProstaglandinE2REP3 p75NTR
GABA alpha-4 ProstaglandinE2REP4 PDGFa
GABA alpha-5 ProstaglandinF2aR PDGFb
GABA alpha-6 TGFbR1 Progesterone receptor
GABA beta-1 TGFbR2 TrkA
GABA beta-2 TLR1 TrkB
GABA beta-3 TLR2 TrkC
GABA delta TLR3 VEGFR1

GABA epsilon TLR4 VEGFR2
GABA gamma-1 TLR5 VEGFR3
GABA gamma-2 TNFR 10A PTCH1
GABA gamma-3 TNFR 10B PTCH2

GABA pi TNFR 10C PTCHD1
GABA rho-1 TNFR 10D PTCHD4
GABA rho-2 TNFR 11A
GABA rho-3 TNFR 11B
GABA theta TNFR 12A

Gephyrin TNFR 13B
GLR alpha1 TNFR 13C
GLR alpha 2 TNFR 14
GLR alpha 3 TNFR 16
GLR alpha 4 TNFR 17

GLR beta TNFR 18
GlutamateR1 (GLIA1) TNFR 19
GlutamateR2 (GLIA2) TNFR 19L
GlutamateR3 (GLIA3) TNFR 1A
GlutamateR4 (GLIA4) TNFR 1B

GRIK1 TNFR 21
GRIK2 TNFR 27
GRIK3 TNFR 3
GRIK4 TNFR 4
GRIK5 TNFR 5
GRIN1 TNFR 6

GRIN2A TNFR 8
GRIN2B TNFR 9
GRIN2C
GRIN2D
GRIN3A
GRIN3B

HistamineR1
HistamineR3
Kappa opioid
MelatoninR1a
MelatoninR1b

Mu opioid
M1
M2
M3
M4
M5

NeurokininR
nACh alpha10
nACh alpha 2
nACh alpha 3
nACh alpha 4
nACh alpha 5
nACh alpha 6
nACh alpha 7
nACh alpha 9
nACh beta2
nACh beta3
nACh beta4

FF 1
FF 2

NPYR1
NPYR2
NPYR4

NPYR4 2
NPYR5

OrexinR1
OrexinR2
OxytocinR

PSD95
Putative NYPR6

SigmaR1
TAAR1
TRPV1

V1a
V1b
V2

VGLUT1
VGLUT2
VGLUT3
VIAAT
VMAT1
VMAT2    

5-HT, 5-hydroxytryptamine (serotonin) receptor; A, adenosine receptor; CB, cannabinoid receptor; CC, C-C chemokine receptor; CXC, C-
X-C chemokine receptor; CRHR, corticotropin releasing hormone receptor; FF, Neuropeptide FF; FGFR, fibroblast growth factor receptor; 
GABA, gamma-aminobutyric acid receptor; GDNF, glial cell line derived neurotropic factor; GLR, glycine receptor; GRIN, glutamate recep-
tor ionotropic N-methyl-D-aspartate; M, muscarinic acetylcholine receptor; MCR, melanocortin receptor; GRIK, glutamate receptor iono-
tropic kainate; IFNR, interferon receptor; IL, interleukin; IRS, insulin receptor substrate; nACh, nicotinic acetylcholine receptor; NPYR, neu-
ropeptide Y receptor; PDGF, platelet-derived growth factor receptor; p75NTR, p75 neurotropic receptor; PSD, postsynaptic density protein 
95; PTCH, protein patched homolog; TAAR, trace amino acid receptor; TGFbR, transforming growth factor beta receptor; TLR, toll-like re-
ceptor; TNFR, tumor necrosis factor superfamily member; VEGFR, vascular endothelial growth factor receptor; VIAAT, vesicular inhibitory 
amino acid transporter; VMAT, vesicular monoamine transporter; VGLUT, vesicular glutamate transporter; V, vassopressin receptor



Supplementary Table 2. List of ligands: the most commonly pre-
scribed drugs and drugs used for targeted therapy

Commonly used drug Targeted therapy
5-Fluorouracil Apatinib
Acamprosate Bortezomib

Acetaminophen Crizotinib
Agomelatin Dasatibnib
Albuterol Erlotinib

Amitriptyline Gefitinib
Amlodipine Imatninb
Amoxicillin Lapatinib

Amphetamine Nilotinib
Antalarmin crf1 Olaparib

Aspirin Salinomycin
Atomoxetine Sorafenib
Atorvastatin Topacitinib

Baclofen Trametinib
Benztropine Vemurafenib
Brexanolone Vimodegib
Bupropion
Buspirone
Caffeine

Cannabidiol
Capsaicin

Carbamazepine
Cariprazine

Chlorthiazide
Cisplatin

Citalopram
Clonidine

Clopidogrel
Cocaine

Cyclosporin
Cytarabine

Desvenlafaxine
Deutetrabenazine

Dextromethorphan
Duloxetine

Escitalopram
Estradiol

Everolimus
Fluoxetine

Fluvoxamine
Gabapentine

Hydrocortisone
Hydroxyquinolone

Ibuprofen
Imatninb
Ketamine

Lamotrigine
Levitiracetam
Levothyroxine

Lisinopril
Lorazepam

Losartan
LSD

Maraviroc
MDMA

Melatonin
Memantine
Mescaline

Metamphetamine
Metformin

Methotrexate
Methylphenidate

Milnacipran
Minocycline
Mirtazapine
Modafinil
Naltrexone

Nicotine
Nortriptyline

Octreotide
Omeprazole

Oxytocin
Paroxetine

Pencyclidine
Perifosinev
Pexacerfont

Phentermine
Phenytoin

Pimavanserin
Pregabalin

Progesterone
Propranolol
Psilocybin

Salvianolic acid
Sertraline
Sitagliptin

Sulfasalazine
Sumatriptan
Suvorexant
Tacrolimus

Testosterone
THC

Topiramate
Ulotaront
Valproate

Varenicline
Venlafaxine
Vortioxetine
Zonisamide
Zuranolone  

LSD, lysergic acid diethylamide; MDMA, methylenedioxymeth-
amphetamine; THC, tetrahydrocannabinol


