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Exploring potential 
therapeutic combinations 
for castration‑sensitive prostate 
cancer using supercomputers: 
a proof of concept study
Draško Tomić 2*, Jure Murgić 1, Ana Fröbe 1, Karolj Skala 2, Antonela Vrljičak 1, 
Branka Medved Rogina 2, Branimir Kolarek 2 & Viktor Bojović 2

To address the challenge of finding new combination therapies against castration-sensitive prostate 
cancer, we introduce Vini, a computational tool that predicts the efficacy of drug combinations at 
the intracellular level by integrating data from the KEGG, DrugBank, Pubchem, Protein Data Bank, 
Uniprot, NCI-60 and COSMIC databases. Vini is a computational tool that predicts the efficacy of 
drugs and their combinations at the intracellular level. It addresses the problem comprehensively 
by considering all known target genes, proteins and small molecules and their mutual interactions 
involved in the onset and development of cancer. The results obtained point to new, previously 
unexplored combination therapies that could theoretically be promising candidates for the treatment 
of castration-sensitive prostate cancer and could prevent the inevitable progression of the cancer 
to the incurable castration-resistant stage. Furthermore, after analyzing the obtained triple 
combinations of drugs and their targets, the most common targets became clear: ALK, BCL-2, mTOR, 
DNA and androgen axis. These results may help to define future therapies against castration-sensitive 
prostate cancer. The use of the Vini computer model to explore therapeutic combinations represents 
an innovative approach in the search for effective treatments for castration-sensitive prostate cancer, 
which, if clinically validated, could potentially lead to new breakthrough therapies.

Prostate cancer is the most commonly diagnosed cancer and the second leading cause of cancer death in men in 
the United States. Worldwide, it is the second most common cancer and the fifth leading cause of cancer death 
in men1. Recently, the US Food and Drug Administration approved enzalutamide, a non-steroidal androgen 
receptor (AR) inhibitor, for the treatment of metastatic and non-metastatic castration-resistant prostate cancer 
and castration-sensitive metastatic prostate cancer at high risk of metastasis. The European Medicines Agency 
(EMA) recently also approved enzalutamide in combination with the PARP inhibitor talazoparib for patients 
with metastatic castration-resistant prostate cancer. Castration-resistant prostate cancer remains a clinical entity 
with high unmet medical need, and new therapies are needed that could overcome castration resistance. Combi-
natorial therapies may be more successful in both castration-sensitive and castration-resistant prostate cancer, as 
they induce profound androgen suppression and eradicate castration-sensitive tumor clones more thoroughly2. 
However, not only AR-targeted therapy can provide an optimal combination. There are also a number of clini-
cal trials in which combination therapy with new innovative drug classes, including immunotherapy, play a key 
role and are in preparation or already in phase 1. Some examples are the immunocytokine M9241 in combina-
tion with docetaxel3; nivolumab in combination with BMS-986253, a fully human monoclonal antibody that 
inhibits interleukin-84; neoantigen DNA vaccine in combination with nivolumab/ipilimumab and PROSTVAC, 
a vaccine designed to enable the immune system to recognize and attack prostate cancer cells5; cabozantinib 
and abiraterone with checkpoint inhibitor immunotherapy for metastatic castration-sensitive prostate cancer6. 
Recent data indicate that an increasing number of patients are being diagnosed with advanced stage prostate 
cancer. Prostate specific antigen (PSA) is a commonly used test for the detection of prostate cancer. Attention has 
focused primarily on the use of PSA in screening asymptomatic patients, but the diagnostic accuracy of PSA for 
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prostate cancer in patients with symptoms is compromised by its low specificity, as many other benign conditions 
can cause PSA elevation7. The Gleason scoring system8 is the most commonly used system for grading prostate 
cancer. To assess the degree of tumor differentiation, the most important prognostic factor in all cancers, the 
pathologist looks at how the cancer cells are arranged in the prostate and assigns a score on a scale of 3 to 5 at 
two different locations. Cancer cells that look similar to healthy cells are given a low score.

Despite the high success rate of the above-mentioned diagnostic procedures for prostate cancer, inaccuracies 
are possible, so that effective combination therapies are of great importance for a successful treatment outcome. 
The number of possible combinations of existing drugs is already large for combination therapies with 2 or 3 
drugs, and clinical trials are expensive, time-consuming and often end in failure. Therefore, the theoretical model 
could help to create potentially more effective therapeutic combinations. It is therefore important to identify 
candidates for successful combination therapies already in the preclinical phase. In addition to the experience 
and knowledge of clinical and experimental oncologists, computer tools can also be of great help here. Com-
putational modeling is proving to be a powerful tool for mastering the complexity of cancer biology and drug-
drug interactions. There are numerous computer models that help in performing virtual drug screening9, drug 
discovery10 and drug repurposing11. Most of them are based on a single target and aim to find drug candidates 
that inhibit one or perhaps two targets. However, switching from a single-target to a multi-target approach can 
provide better and more accurate results and contribute to the development of new therapies12. While there are 
numerous computational methods for predicting drug combinations, such as those discussed in13, there are not 
as many tools based specifically on multi-drug and metabolic pathway approaches, and the Vini in silico model 
for cancer is one of them. It has already proven that it can accurately calculate whether or not a particular drug 
is effective against a particular type of cancer. In a comprehensive study investigating how accurately Vini can 
predict whether a particular drug is effective or not, the model achieved 79.3% agreement with results from 
in vivo studies for 16 cancer types and 100% agreement with experimental data for the prostate cancer cell 
lines DU-145 and PC314. In another study, the predictive performance of Vini was evaluated in assessing the 
efficacy of two-drug combinations against pancreatic ductal adenocarcinoma (PDAC), small cell lung cancer 
(SCLC) and non-small cell lung cancer (NSCLC). The results showed good agreement between the predicted 
and in vivo studies, highlighting the model’s ability to identify effective multidrug cancer therapies15. Vini has 
also demonstrated its versatility beyond the calculation of cancer therapies by being used in the early stages of 
the pandemic outbreak in the search for effective therapies against COVID-1916. This underlines its potential as 
a versatile tool for multidisciplinary drug discovery and optimization of therapies in different disease contexts.

Results
Testing the correlation between the calculated and experimental data
As a first step, we tested the accuracy of Vini in predicting the efficacy of 132 FDA-approved cancer drugs in 
kidney, prostate, NSCLC, colorectal, acute myeloid leukemia (AML), melanoma, breast, ovarian and brain tumors 
(glioma). Vini used GI50 values from the NCI-60 database as reference values. These are experimental values 
that indicate the concentration that causes 50% inhibition of cell division. Vini then calculated the efficacy of 
only those anticancer drugs for which GI50 data were available and the Pearson correlation between them and 
the calculated values. For this reason, the number of drugs tested varies by cancer cell line. Figure 1 shows the 
cancer cell lines, the type of cancer they represent, and the correlations between the calculated and GI50 values.

Vini predicts the relative efficacy of a drug by calculating the SLEM (second largest eigenvalue in magnitude) 
value of a graph whose nodes represent the free binding energies between a KEGG receptor and a particular 
drug and the edges represent the interactions between the receptors. The rationale for using SLEM as a value 
that describes how quickly a particular system transitions from one state to another can be found in17, where a 
lower SLEM value indicates a faster transition from one state to another and vice versa. This implies that a higher 
SLEM value of a graph representing a certain cancer system under the influence of a drug indicates a slower 
progression of the cancer and better efficacy of the drug and vice versa. The negative PCC (Pearson’s Correla-
tion Coefficient) between SLEM and GI50 values is due to the fact that the SLEM values are positive, while the 
logarithms of the GI50 values used by Vini have a negative sign. One of the main reasons for the moderate PCC 
values is the limited accuracy of the Rosetta and Autodock Vina tools used by Vini to calculate the free binding 
energies. The use of MD (Molecular Dynamics) simulation tools such as NAMD and Amber could significantly 
increase the accuracy of the results, but this also means a significant increase in the computational resources 
required to run the simulations. To overcome this challenge, we plan to implement AI (artificial intelligence) in 
Vina in the future. One AI model will aim to increase the accuracy of the calculated efficacy of drugs and their 
combinations and will be trained on data from existing clinical trials. Another AI model will be developed with 
the aim of increasing the accuracy of the calculated free binding energies between mAb drugs and proteins. It will 
be trained using existing data on experimentally measured free binding energies that can be found in external 
databases, for example the PDBbind database.

Analysis of the effectiveness of triple combinations of drugs on hormone‑sensitive prostate 
cancer
The combinations of three drugs were selected in several steps. The main objective was to identify the most 
effective combinations while avoiding possible adverse drug interactions. The input list of 70 small molecule 
anticancer drugs was compiled based on their known activity against prostate cancer and based on input from 
cancer physicians. It was then entered into the Vini model. Calculating the efficacy of all triple combinations 
would consume too many computing resources and exceed the capacity of our customized facilities. As a first 
step, Vini therefore calculated the efficacy of all individual drugs on the list. The 22 drugs with the highest efficacy 
were selected for further analysis, and then the efficacy of their combinations was calculated. Finally, Vini ranked 
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the combinations according to their efficacy: those with the highest negative SLEM value at the top of the list and 
those with the lowest at the bottom. The 100 triple combinations with the highest efficacy and no adverse effects 
due to drug-drug interactions were then selected using Medscape’s drug-drug interaction software18. To obtain 
an even higher level of safety, Drugs.com’s drug interaction software19 was applied to these 100 combinations, 
leaving 18 combinations. These combinations, together with their calculated SLEM values and the targets on 
which they act, are shown in Fig. 2.

Analysis of the targets that occur most frequently in the triple combinations of drugs obtained
The drugs involved in these combinations, the number of their occurrences in the combinations and the targets 
on which they act are listed in Fig. 3.

The following articles emphasize the importance of ALK20–22, mTOR23–25, DNA26 and GnRH27–29 in the devel-
opment and progression of prostate cancer. However, the results of the studies on the efficacy of the mTOR 
inhibitor temsirolimus are partly contradictory. While the above studies confirmed the importance of mTOR 

Figure 1.   Analysis of the correlation between SLEM values and GI50 values in NCI-60 cancer cell lines. The 
table contains the names of the cancer cell line names, the cancer types, the Pearson correlation coefficient 
(PCC) values, the T-statistics, the corresponding p-values, and the adjusted p-values. We applied the false 
discovery rate (FDR) method and used the Benjamini–Hochberg algorithm to calculate the adjusted p-values. 
The number of drugs analyzed varies by cell line, as for some of them no GI50 value is available in the NCI-60 
database. The results show a range of PCC values from −0.391557384 to −0.604154379. All p-values are highly 
significant (p < 0.05), indicating that the observed inverse correlations are statistically significant. Furthermore, 
all adjusted p-values are greater than the p-values, except in the case of the cancer cell line MDA-MB-468, 
which is equal to the p-value. This robust evidence supports the reliability of SLEM values as meaningful 
indicators of drug efficacy in our virtual drug screening process. Further validation will be performed with the 
ALMANAC and DrugComb databases to test the accuracy of Vini in predicting the efficacy of double and triple 
combinations of cancer drugs.
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inhibition in slowing the progression of prostate cancer30, found insufficient clinical activity of temsirolimus in 
men with mCRPC despite transient CTC improvements in some men. However, it was noted that future studies 
should focus on combination approaches or novel PI3K pathway inhibitors. In fact, Vini ranked temsirolimus 
12th among the 70 drugs in terms of efficacy, while it is very dominant in triple combinations. This fact could 
further confirm the value of the multi-drug and multi-target approach used in this study.

Discussion
The fundamental contribution of this research is the identification of key targets involved in the onset and devel-
opment of castration-sensitive prostate cancer and its possible transition to a castration-resistant form. These 
targets were identified by applying the Vini in silico cancer model to a list of existing anti-cancer drugs that may 
positively affect the treatment of this form of cancer. Among the most promising targets are the ALK pathway, 
DNA synthesis, BCL-2, mTOR and the androgen axis.

An additional contribution of the research is the identification of triple combinations of drugs that most 
effectively inhibit one or more of these targets without causing potential adverse effects due to drug-drug inter-
actions. This research was conducted on a set of 70 small molecule cancer drugs using Vini on the HPC Vega 
supercomputer. The list of cancer drugs was compiled based on the expert knowledge of clinical oncologists 
and their opinions on the potential impact of these drugs. Exploring a larger number of drugs would potentially 
yield more relevant targets, requiring additional, more powerful computing resources, and the application for 
this is in progress.

Figure 2.   The final list of 3-drug combinations showing the highest efficacy in the DU-145 cell line with no 
drug-drug interactions. The abbreviations of the targets: mTOR—mammalian target of rapamycin; CYP1a7—17 
α-hydroxylase/C17,20-lyase, GnRH- gonadotropin-releasing hormone; ALK—anaplastic lymphoma kinase, 
BCL-2—Proteins in the B-cell CLL/lymphoma 2 family; AR—androgen receptor; CDK4—cyclin-dependent 
kinases 4; CDK6—cyclin-dependent kinases 6; MT – microtubules, VEGFR-1—vascular endothelial growth 
factor receptor-1; VEGFR-2—vascular endothelial growth factor receptor-2; VEGFR-3—vascular endothelial 
growth factor receptor-3; PDGFR-β—growth factor receptor beta; FGFR—fibroblast growth factor receptors; 
KIT—KIT gene, receptor tyrosine kinase; RET—rearranged during transfection receptor tyrosine kinase; RAF—
rapidly accelerated fibrosarcoma gene.
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The good accuracy of the Vini model in determining drug efficacy has been confirmed by previous studies 
and further validated in this work by a correlation between the calculated values and the experimental GI50 
values listed in the NCI-60 database. The accuracy of the Vini model is currently limited by the Autodock Vina 
and Rosetta computational chemistry tools used for the binding energy calculations. The future goal is to further 
increase the accuracy of the Vini model by incorporating AI (Artificial Intelligence) and molecular dynamics 
simulation tools such as NAMD31 and Amber32.

This study was performed using the castration-sensitive prostate cancer cell line DU-145, the KEGG hsa05215 
cancer pathway and COSMIC gene expression and mutation data for this cell line. The mutations and gene 
expression in prostate cancer patients are partially different from those of the DU-145 line. Therefore, our future 
research will focus on the analysis of the genomic imprint of each individual patient and consequently on a 
personalized approach to prostate cancer therapy.

The role of the Vini cancer model, as with many other computer models of complex diseases, is to assist 
experimental oncologists and clinicians in selecting the best possible candidates for cancer therapy. Even with 
triplets of 70 drugs, the number of possible combinations is high, totalling 54,720 according to the formula for 
combinations:

Therefore, effective and accurate screening is crucial when deciding which drugs to use in in vitro and in vivo 
research, potentially increasing the percentage of positive results from clinical trials.

Monoclonal antibody therapy, either in combination with small molecule drugs33 or as antibody–drug 
conjugates34, is a promising approach that could further increase the efficacy of prostate cancer therapies. Accord-
ingly, our future research will focus on combined therapies against castration-sensitive prostate cancer that 
include mAb drugs and conjugates.

Notes for clinical consideration
Targeting castration-sensitive prostate cancer, a disease of significant clinical importance, represents a potential 
improvement in the design of drug trials.

Clinical applicability may be useful to broaden the discussion of how proposed therapeutic combinations 
could be translated into clinical practice, including potential challenges and considerations for implementation.

Limitations
Based on our previous experience with the model and the clinical research approach, we recognize the potential 
limitations:

a.	 Dependence on high performance computing resources: the study makes extensive use of the HPC Vega super-
computer, suggesting that the analysis of drug combinations is highly dependent on high computing power. 
This dependence may limit the reproducibility of the study in environments where such resources are not 
readily available.

(1)nCr = n!/(r! ∗ (n− r)!) = 70!/(3! ∗ (70− 3)!) = 54, 720

Figure 3.   Individual drugs occurring in combinations, the total number of their occurrences and the targets on 
which they act are shown. The most common targets of the triple drug combinations obtained are ALK, DNA, 
BCL-2, mTOR and GnRH.
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b.	 Use of a specific cell line: The study focuses on the castration-sensitive prostate cancer cell line DU-145. The 
genetic and expression profiles of prostate cancer may differ significantly from patient to patient. Therefore, 
the results of the study may not be directly applicable to all prostate cancer cases, emphasizing the need for 
further validation in different genetic backgrounds, cell lines and preferably in clinical trials.

c.	 Limitations of the prediction model: Although the accuracy of the Vini model is good, it is still limited by the 
computer programs used for the binding energy calculations, such as Autodock Vina and Rosetta. While 
there are plans to improve the accuracy of Vini using AI, quantum algorithms, and molecular dynamics 
simulation tools, the current accuracy could influence the study results. However, Vini’s independence from 
extensive training datasets is advantageous in scenarios where data is sparse or unavailable, allowing for 
quicker implementation in emerging drug discovery projects.

d.	 Scope of drug combinations: The study is limited to a set of 70 small molecule anticancer drugs, suggesting 
that the exploration of potential therapeutic combinations is not exhaustive. While the study acknowledges 
that a larger number of drugs need to be explored, the initial selection may exclude viable therapeutic options 
that were not considered as part of the study.

e.	 Generalizability of the results: The results of the study are based on silico models and require clinical valida-
tion. The efficacy of the identified drug combinations in the clinical setting remains uncertain as long as it has 
not been validated by clinical trials. This gap between computational predictions and clinical applicability is 
a critical limitation that needs to be addressed to ensure the practical relevance of the research. Despite the 
varying Pearson correlations reported in different ML methods, the consistent performance of Vini across 
28 cancer cell lines highlights its utility in providing mechanistic insights and prioritizing candidates for 
further study. Our research was mainly based on the data from COSMIC and NCI-60 databases. In future 
studies, we will include data from The Cancer Cell Line Encyclopedia. This will allow us to cross-check our 
results and possibly increase the robustness and generalizability of the Vini model to a larger number of 
cancer cell lines.

f.	 We recognize the importance of detailed dosage and toxicity studies, and our future research will include 
comprehensive experimental validation of the proposed combinations. This will involve testing the efficacy 
and safety of these combinations in relevant preclinical models to confirm their synergistic or additive effects 
and to optimize their dosages for maximal therapeutic benefit.

These inferred limitations highlight the challenges of relying on computational models for drug discovery 
and the importance of validating findings through clinical trials and broader drug selection.

Materials and methods
Vini collects the necessary data from external databases: structures of small molecule drugs and FASTA sequences 
of monoclonal antibodies from DrugBank35, structures of compounds from PubChem36, gene expressions and 
mutations from COSMIC37, KEGG protein structures from Protein Data Bank38, their FASTA sequences from 
UniProt39, GI50 data from NCI-6040 and disease pathways from KEGG41. A high-level representation of how the 
Vini model works can be found in Fig. 4.

For data processing, Vini uses various computational chemistry tools, including Autodock Vina42, Rosetta43, 
AlphaFold44, Open Babel45 and Reduce46. A more detailed scheme of the Vini model and how it works can be 
found in Fig. 5.

When someone starts the Vini model for the first time, the specific KEGG pathway and the NCI-60 line 
must be specified. In addition, a list of ligands, i.e. drugs and/or chemical compounds (ligands) to be analyzed, 

Figure 4.   The overall schematic of the Vini in silico model for cancer. Vini collects the data from the external 
databases: KEGG (in this case the hsa05215 prostate cancer pathway), small molecule drug structures and 
monoclonal antibody (mAb) FASTA sequences from DrugBank, KEGG protein structures and their FASTA 
sequences from the RCSB PDB and UniProt databases, and gene expressions and mutations from the COSMIC 
database. It then calculates the efficacy of the drugs and their combinations. Finally, it sorts the drug list 
according to their calculated SLEM values.
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must be specified. The next step is to select whether Vini should analyze only their efficacy or also the efficacy 
of their double or triple combinations. Based on the specified KEGG pathway, Vini creates a list of the receptors 
found in the KEGG pathway and a list of the interactions between them. The next step is to prepare the ligands. 
If a particular ligand is a drug, Vini checks whether it is a mAb drug or a small molecule. In the first case, Vini 
retrieves its FASTA sequence from DrugBank and predicts the 3D structure with AlphaFold. Otherwise, it 
checks whether it is a drug or a chemical compound. If it is a drug, it retrieves the SDF (Structure Data Format) 
file from the DrugBank and converts it to PDB (Protein Data Bank) format using Open Babel. If it is a chemical 
compound, Vini contacts PubChem and asks for the SDF file. If the SDF file is available, it is converted to PDB 
format using the Open Babel program. Otherwise, the SMILES (Simplified molecular-input line-entry system) 
file is retrieved and the option is offered to convert it to PDB format using the online SMILES Translator and 
Structure File Generator47. The final step in the preparation of a small molecule drug or chemical compound 
is the conversion of the PDB file into the PDBQT format that Autodock Vina works with, and for this purpose 
Vini uses the MGLTools program48. This process is repeated for each ligand in the input list. Vini also performs 
the processing of KEGG receptors in several steps. If a gene specified in the KEGG pathway for a particular cell 
line is mutated in COSMIC, Vini retrieves its DNA sequence from COSMIC, translates it into a FASTA sequence 
using the translation tool from the Expasy portal49, and generates its 3D structure using AlphaFold. Otherwise, it 
contacts the Protein Data Bank and searches for the structure either without ligands or with at most one ligand. 
If such a structure is available, it uses UCSF Chimera50 to clean it from ligands and water molecules and add 
missing residues from the Dunbrack library51. If the structure is not found, Vini creates the PDB structure from 
the FASTA sequence in Uniprot and this process is repeated for all receptors annotated in the KEGG pathway. 

Figure 5.   The detailed schematic of how Vini collects and processes data from external databases and creates 
SLEM. The input parameters are the specific KEGG cancer pathway, the list of cancer drugs and/or compounds 
to be analysed and the name of the NCI-60 cell line to be used in the simulation. 3D structures of small 
molecule drugs and FASTA sequences of mAb drugs are collected from DrugBank, while the structures of 
chemical compounds come from PubChem. Based on the name of the NCI-60 cancer cell line, Vini retrieves 
gene expression and mutation data from COSMIC. If the gene is not mutated, Vini retrieves the Uniprot ID of 
the transcribed protein and its 3D structure from the Protein Data Bank and prepares it for further simulation 
with UCSF Chimera. If no structure is available, it is predicted with AlphaFold. In the case of a mutated gene, 
its DNA sequence is pulled from COSMIC, mutations are applied to it, the mutated DNA sequence is converted 
to a FASTA sequence and the structure is predicted with AlphaFold. Docking is then performed between the 
receptor and the ligand (with Autodock Vina if the ligand is a small molecule or with Rosetta if it is a mAb) and 
the free binding energy is calculated. The final result is normalized with the value of the gene expression factor 
from COSMIC. This process is repeated for all receptors specified in the KEGG pathway, a matrix with the free 
binding energies and interactions is created and SLEM is calculated. This process is repeated for all drugs and 
compounds on the input list. If the efficacy of combined therapies is calculated, the procedure is repeated for all 
combinations. Finally, the output list of SLEM values is sorted in descending order of calculated efficacy, from 
highest to lowest.
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The next step is to dock a single ligand to all receptors specified in the KEGG pathway and calculate the free 
binding energies. A matrix is then formed with the elements on the main diagonal representing these energies 
and the elements outside the main diagonal representing the interaction between the receptors. Finally, the 
SLEM value of this matrix is calculated. The procedure is repeated for all ligands from the input list and for all 
combinations (double or triple) if they were specified for the analysis. The GI50 values of the drug combina-
tions are not reported by the NCI and therefore Vini cannot determine the synergistic or additive effect of the 
calculated combinations. Various other computational methods, for example, based on the similarity compari-
son between the queried and known combinations52–54, physicochemical characteristics of drugs and network 
features55,56, gene expression data57 and networks58–60, have been proposed. However, most of them, except those 
in61 which is the combination of transcriptomic and network approach applied to the specific type of cancer 
under analysis, were built based on data from multiple diseases without considering context specificity. Vini 
also calculates the efficacy of individual drugs and their combinations using a combined method based on the 
KEGG network, which describes the metabolic process of a given disease and defines the genes that participate 
in its onset and development, as well as the expression of these genes, i.e. their transcription and translation into 
proteins. The validity of such an approach in calculating the efficacy of combination therapies was confirmed 
when Vini predicted that the most effective triple combinations of therapies against castration-resistant prostate 
cancer are those that most frequently act on ALK, DNA, BCL-2, mTOR and the androgen axis. This study made 
extensive use of databases such as KEGG, DrugBank, Pubchem, Uniprot, NCI-60 and COSMIC, which indicates 
a thorough approach to data collection and utilization and enhances the credibility of the results. The study 
was conducted with a set of 70 small molecule anticancer drugs on the HPC Vega supercomputer at IZUM in 
Maribor, Slovenia. All results of this study were obtained using the in silico cancer model Vini, Medscape and 
Drugs.com drug interaction screening software. Vini is an open-source application and is available on Github62, 
while the Medscape and Drugs.com interaction screening programs are also freely available and can be used. 
The Vini model requires a Linux operating system and a SLURM job scheduler installed. The efficacy results of 
triple-drug combinations were determined using the KEGG hsa05215 prostate cancer pathway and COSMIC 
data on gene expression and mutations in the DU-145 cell line. 28 cancer cell lines and 9 KEGG cancer pathways 
were used to calculate the Pearson correlation. Figure 6 illustrates how the 18 best triple combinations of drugs 
that have no unfavorable side effects due to drug interactions were identified.

Data use and access: We confirm that the molecular structures, genomic and transcriptomic data and GI50 
data used in this study were obtained from publicly available sources, in particular the NCI (National Cancer 
Institute), KEGG, RCSB, Uniprot and COSMIc. We adhere to the conditions set by the data providers to ensure 
responsible and lawful use.

No experiments on living organisms: We assure that no experiments on living organisms were conducted as 
part of this research. The study uses only existing data sets and does not involve direct manipulation or experi-
mentation on biological samples.

No use of patient data: We confirm that no patient data was used in this study. The research focuses exclu-
sively on publicly available GI50 data for NCI-60 cancer cell lines and does not include access to personal or 
identifiable patient data.

Figure 6.   The Vini in silico model for cancer and the Drug Interaction Checker software from Medscape 
and Drugs.com were used to obtain the combinations with the highest efficacy without the risk of unwanted 
interactions between drugs within the combinations. Drugs.com’s drug interaction checker was found to be 
more restrictive than Medscape’s. Of the 100 combinations that Medscape declared interaction-free, only 
18 were classified as interaction-free by Drugs.com. The remaining drug combinations were found to have 
either major and minor interactions, replication (two or more drugs acting on the same target, increasing the 
possibility of side effects), or a combination of the above.
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Conclusion
The article describes a study in which the Vini computer model was used to identify effective drug combinations 
for the treatment of castration-sensitive prostate cancer. By analyzing data from various databases, the study 
finds promising triple-drug combinations targeting ALK, BCL-2, mTOR, DNA and the androgen axis to prevent 
cancer progression to a castration-resistant form. Research supported by high-performance computing demon-
strates the potential of computer models in predicting effective cancer therapies and suggests a future focus on 
personalized treatments and exploring new drug combinations. Ideally, these findings should be validated on 
different cell lines and eventually in clinical trials.

While acknowledging varying Pearson correlations reported for different ML methods, the study emphasizes 
Vini’s unique strengths in providing detailed mechanistic insights into drug-target interactions and prioritizing 
candidates for further investigation. Vini’s independence from extensive training datasets enhances its versatil-
ity and speed of implementation, particularly in drug discovery projects where new targets and compounds 
frequently emerge. Our ongoing integration of ML and quantum computing algorithms aims to further improve 
Vini’s predictive performance and extend its applicability across diverse cancer types and patient populations.

Data availability 
The list of drugs used in this study, the calculated effectiveness of single, double and triple combination therapies 
in the DU-145 line and the values of the Pearson correlation coefficients calculated for various NCI-60 lines can 
be found at the link https://​data.​fulir.​irb.​hr/​islan​dora/​object/​irb%​3A375.
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