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Introduction 

Artificial intelligence (AI) means simulation of human intelligence process using computers. The process comprises acquiring 

information, developing rules for using the information, drawing approximate or definite conclusions and self-correction. AI 

comprehends a subfield called machine learning (ML) which involves use of statistical methods with the ability to learn with 

or without being explicitly programmed [1]. A further subfield of ML called deep learning (DL) which incorporates artificial 

neural networks that adapt and learn from the vast amount of experimental data. The remarkable difference that makes DL a 

subfield of AI is the flexibility in the architecture of neural networks such as convolutional neural network (CNNs), recurrent 

neural networks (RNNs) and fully connected feed-forward networks [2].  

AI is and umbrella term that encompasses multiple components, our focus in this article is to highlight its applications in drug 

discovery and medicine in brief. 

Drug discovery 

Technologies incorporating AI have become versatile tools which can be applied universally in various stages of drug 

development, including identification and validation of drug targets, designing of new drugs, drug repurposing, aggregating 

and analyzing biomedicine information and refining decision-making process to recruit patients for clinical trials [3]. Other 

uses of AI in drug development include prediction of feasible synthetic routes for drug-like molecules [4], pharmacological 
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properties [5], protein characteristics as well as efficacy [6], drug combination and drug-target association [7] and drug 

repurposing [8]. Also, identification of new pathways and targets using omics analysis has become possible via the generation 

of novel biomarkers and therapeutic targets, personalized medicine based on omics markers and discovering connections 

between drugs and diseases has progressed rapidly [9]. DL has proved outstanding success in proposing potent drug candidates 

and accurately predicting their properties and possible toxicity risks [10].  

AI platforms which can predict on- and off-target effects and in vivo safety profile of compounds before they are synthesized 

include DeepTox (predicts toxicity of new compounds) and PrOCTOR (predicts the probability of toxicity in clinical trials) 

[11,12]. Another AI tool, Read-Across Structure-Activity Relationships (RASAR) [13], which links molecular structures and 

toxic properties by mining a large database of chemicals could accurately predict toxicity of unknown compounds. 

A novel AI platform called AiCure is a mobile application to measure medication adherence in a Phase II trial of subjects 

suffering from schizophrenia. It was reported that AiCure increased adherence 25% compared with the traditional ‘modified 

directly observed therapy’ [14]. AI predictive modelling in selection of a patient population would increase success rate in 

clinical trials [15]. 

Medicine 

Oncology 

For classification of skin cancer, researchers used convoluted neural networks (CNNs) to classify tumours in an automated 

manner. They confirmed that classification of tumours is possible based on generated images because of variability in 

appearance of skin lesions [16]. Skin cancers are usually detected using clinical screening and dermascopic analysis, followed 

by biopsies and histopathological analysis. However, using pixels and disease labels as inputs, CNNs are able to effectively 

identify and classify cancers in a much less time-consuming approach [17].  

Once cancer has been diagnosed, analysis of tumour volume is crucial for deciding the treatment protocol. Tumour 

segmentation was traditionally time-consuming, CNNs make the process of tumour segmentation much simpler and more 

accurate. CNNs were used for segmentation of brain tumours, inputs for CNN being patches extracted from images to form a 

hierarchy of complex features using trained networks [18].  

Radiology 

A CNN to assess bone age based on pediatric hand radiographs was able to estimate age with accuracy similar to that of a 

radiologist [19]. AI based computer aided detection (CAD) is regularly used in breast cancer screening programs in the USA, 

providing a second opinion to radiologist’s initial read of mammograms [20]. Combination of CAD with radiologist has 

reliably been found to improve nodule detection rates in both chest radiography [21] and CT [22] compared with either CAD 

or radiologist alone.  

 

Ophthalmology 

A CNN was trained to screen diabetic retinopathy (DR) and its performance was comparable to that of a panel of certified 

ophthalmologists [23]. A CNN applied to Optical Coherence Tomography (OCT) could successfully differentiate cases with 

advanced age-related macular degeneration (AMD) or diabetic macular edema, which require timely treatment, from less 
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severe cases [24]. A CNN has been trained on retinal fundus images to predict cardiovascular health risk factors such as high 

blood pressure and performed as well as the methods that require invasive blood tests to measure cholesterol levels [25]. 

Cardiology 

A CNN to map a sequence of electrocardiogram samples to a sequence of rhythm classes and its performance in detecting a 

wide range of heart arrhythmias was reported to be superior to board-certified cardiologists [26]. Deep learning models were 

able to accurately predict pathological events using representation of patients entire original electronic health records. The 

records were effectively used to predict the need for palliative care, in-hospital mortality and unplanned readmission [27]. 

Internal medicine 

Several studies have emphasized growing role of AI in internal medicine and care of patients in intensive care unit [28]. Sepsis 

is a common cause of morbidly and mortality in critically ill patients. The Artificial Intelligence Sepsis Expert algorithm was 

developed to precisely predict onset of sepsis in ICU patients 4-12 hours before clinic recognition [29]. InSight uses AI 

algorithms to predict onset of sepsis before clinical recognition [30].  

Neurology 

AI was found advantageous in identifying multiple sclerosis with optical coherence tomography (OCT). A study demonstrated 

that measurements of the retinal nerve fiber layer thickness obtained via OCT is able to detect patients with multiple sclerosis 

using an artificial neural network better than any single OCT parameter [31]. A potential application of AI is in assessment 

of brain tumors through automatic and reliable segmentation methods of large amount data produced by patient’s magnetic 

resonance imaging [32].  

Pulmonology 

A machine learning program designed for early detection of chronic obstructive pulmonary disease (COPD) exacerbations 

and subsequent triage, the model’s accuracy and safety indicators surpassed that of individual pulmonologists in identifying 

exacerbations and predicting triage in 101 cases [33]. AI has potential to play a significant role in diagnosis of tuberculosis 

[34].  

Conclusion 

Experts strongly believe that AI will permanently change the pharmaceutical industry and the approach to discover new drugs. 

With AI, the possibility of linking regenerative medicine with pharmacology and gene therapy emerges. AI has the potential 

in medicine to improve quality of care for specialties and rare diseases through screening, evaluation, and treatment 

suggestions. Developing a deeper understanding of underlying theories in AI will allow us to provide best possible patient 

care in the near future. 

References 

1. Bishop CM (2013) Model-based machine learning. Philosophical Transactions of the Royal Society. Series A 

Mathematical Physical and Engineering Sciences 371. 

2. Chen H, Engkvist O, Wang Y, et al. (2018) The rise of deep learning in drug discovery. Drug Discovery Today 23(6): 

1241-1250.  

3. Mamoshina P, Vieira A, Putin E, et al. (2016) Applications of deep learning in biomedicine. Molecular Pharmaceutics 

13(5): 1445-1454. 

https://royalsocietypublishing.org/doi/full/10.1098/rsta.2012.0222
https://royalsocietypublishing.org/doi/full/10.1098/rsta.2012.0222
https://www.sciencedirect.com/science/article/pii/S1359644617303598
https://www.sciencedirect.com/science/article/pii/S1359644617303598
https://pubs.acs.org/doi/10.1021/acs.molpharmaceut.5b00982
https://pubs.acs.org/doi/10.1021/acs.molpharmaceut.5b00982


http://www.tridhascholars.org | July-2019 

79 

 

4. Merk D, Friedrich L, Grisoni F, et al. (2018) De novo design of bioactive small molecules by artificial intelligence. 

Molecular Informatics 37(1-2): 201700153. 

5. Klopman G, Chakravarti SK, Zhu H, et al. (2004) ESP: A method to predict toxicity and pharmacological properties of 

chemicals using multiple MCASE databases. Journal of Chemical Information and Modeling 44: 704-715. 

6. Menden MP, Iorio F, Garnett M, et al. (2013) Machine learning prediction of cancer cell sensitivity to drugs based on 

genomic and chemical properties. PLoS One 8: e61318. 

7. Nascimento AC, Prudêncio RB, Costa IG, et al. (2016) A multiple kernel learning algorithm for drug-target interaction 

prediction. BMC Bioinformatics 17: 46. 

8. Schneider G (2018) Automating drug discovery. Nature Reviews Drug Discovery 17(2): 97-113. 

9. Matthews H, Hanison J, Nirmalan N (2016) Omics-informed drug and biomarker discovery: opportunities, challenges 

and future perspectives. Proteomes 4(3): 28. 

10. Hughes JP, Rees S, Kalindjian SB, et al. (2011) Principles of early drug discovery. British Journal of Pharmacology 162: 

1239-1249. 

11. Mayr A, Klambauer G, Unterthiner T, et al. (2016) Deep Tox: toxicity prediction using deep learning. Frontiers in 

Environmental Science 3: 80.  

12. Gayvert KM, Madhukar NS, Elemento O (2016) A data-driven approach to predicting successes and failures of clinical 

trials. Cell Chemical Biology 23(10): 1294-1301. 

13. Luechtefeld T, Marsh D, Rowlands C, et al. (2018) Machine learning of toxicological big data enables read-across 

structure activity relationships (RASAR) outperforming animal test reproducibility. Toxicological Sciences 165(1): 198-

212. 

14. Bain EE, Shafner L, Walling DP, et al. (2017) Use of a novel artificial intelligence platform on mobile devices to assess 

dosing compliance in a Phase 2 clinical trial in subjects with schizophrenia. JMIR Mhealth Uhealth 5(2): e18. 

15. Perez-Gracia JL, Sanmamed MF, Bosch A, et al. (2017) Strategies to design clinical studies to identify predictive 

biomarkers in cancer research. Cancer Treatment Reviews 53: 79-97.  

16. Esteva A, Kuprel B, Novoa RA, et al. (2017) Dermatologist-level classification of skin cancer with deep neural networks. 

Nature 542: 115-118. 

17. Krizhevsky A, Sutskever I, Hinton GE (2012) ImageNet classification with deep convolutional neural networks. In: 

Proceedings of 25th International Conference on Neural Information Processing Systems 1: 1097-1105. 

18. Isin A, Direkoğlu C, Şah M. (2016) Review of MRI-based brain tumor image segmentation using deep learning methods. 

Procedia Computer Science 102: 317-324. 

19. Larson DB, Chen MC, Lungren MP, et al. (2018) Performance of a deep-learning neural network model in assessing 

skeletal maturity on pediatric hand radiographs. Radiology 287: 313-322. 

20. Doi K (2007) Computer-aided diagnosis in medical imaging: historical review, current status and future potential. 

Computerized Medical Imaging and Graphics 31: 198-211. 

21. Kligerman S, Cai L, White CS (2013) The effect of computer-aided detection on radiologist performance in the detection 

of lung cancers previously missed on a chest radiograph. Journal of Thoracic Imaging 28: 244-252. 

22. Yuan R, Vos PM, Cooperberg PL (2006) Computer-aided detection in screening CT for pulmonary nodules. American 

Journal of Roentgenology 186: 1280-1287. 

23. Gulshan V, Peng L, Coram M, et al. (2016) Development and validation of a deep learning algorithm for detection of 

diabetic retinopathy in retinal fundus photographs. Journal of American Medical Association 316: 2402-2410. 

24. Kermany DS, Goldbaum M, Cai W, et al. (2018) Identifying medical diagnoses and treatable diseases by image-based 

deep learning. Cell 172: 1122-1131.e9. 

25. Poplin R, Vardarajan AV, Blumer K, et al. (2018) Prediction of cardiovascular risk factors from retinal fundus 

photographs via deep learning. Natural Biomedical Engineering 2: 158-164. 

26. Rajpurkar P, Hannun AY, Haghpanahi M, et al. (2017) Cardiologist level arrhythmia detection with convolutional neural 

networks. Stanford ML Group 1707.01836. 

27. Rajkomar A, Oren E, Chen K, et al. (2018) Scalable and accurate deep learning with electronic health records. NPJ 

Digital Medicine 1: 18. 

28. Park SH, Han K (2018) Methodologic guide for evaluating clinical performance and effect of artificial intelligence 

technology for medical diagnosis and prediction. Radiology 286(3): 800-809. 

https://www.ncbi.nlm.nih.gov/pubmed/29319225
https://www.ncbi.nlm.nih.gov/pubmed/29319225
https://pubs.acs.org/doi/abs/10.1021/ci030298n
https://pubs.acs.org/doi/abs/10.1021/ci030298n
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0061318
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0061318
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-016-0890-3
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-016-0890-3
https://www.ncbi.nlm.nih.gov/pubmed/29242609
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5217350/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5217350/
https://www.ncbi.nlm.nih.gov/pubmed/21091654
https://www.ncbi.nlm.nih.gov/pubmed/21091654
https://www.frontiersin.org/articles/10.3389/fenvs.2015.00080/full
https://www.frontiersin.org/articles/10.3389/fenvs.2015.00080/full
https://www.ncbi.nlm.nih.gov/pubmed/27642066
https://www.ncbi.nlm.nih.gov/pubmed/27642066
https://www.ncbi.nlm.nih.gov/pubmed/30007363
https://www.ncbi.nlm.nih.gov/pubmed/30007363
https://www.ncbi.nlm.nih.gov/pubmed/30007363
https://www.ncbi.nlm.nih.gov/pubmed/28223265
https://www.ncbi.nlm.nih.gov/pubmed/28223265
https://www.ncbi.nlm.nih.gov/pubmed/28088073
https://www.ncbi.nlm.nih.gov/pubmed/28088073
https://www.nature.com/articles/nature21056
https://www.nature.com/articles/nature21056
https://dl.acm.org/citation.cfm?id=3065386
https://dl.acm.org/citation.cfm?id=3065386
https://www.sciencedirect.com/science/article/pii/S187705091632587X
https://www.sciencedirect.com/science/article/pii/S187705091632587X
https://www.ncbi.nlm.nih.gov/pubmed/29095675
https://www.ncbi.nlm.nih.gov/pubmed/29095675
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1955762/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1955762/
https://www.ncbi.nlm.nih.gov/pubmed/23059738
https://www.ncbi.nlm.nih.gov/pubmed/23059738
https://www.ajronline.org/doi/10.2214/AJR.04.1969
https://www.ajronline.org/doi/10.2214/AJR.04.1969
https://jamanetwork.com/journals/jama/fullarticle/2588763
https://jamanetwork.com/journals/jama/fullarticle/2588763
https://www.ncbi.nlm.nih.gov/pubmed/29474911
https://www.ncbi.nlm.nih.gov/pubmed/29474911
https://www.nature.com/articles/s41551-018-0195-0
https://www.nature.com/articles/s41551-018-0195-0
https://stanfordmlgroup.github.io/projects/ecg/
https://stanfordmlgroup.github.io/projects/ecg/
https://www.nature.com/articles/s41746-018-0029-1
https://www.nature.com/articles/s41746-018-0029-1
https://www.ncbi.nlm.nih.gov/pubmed/29309734
https://www.ncbi.nlm.nih.gov/pubmed/29309734


http://www.tridhascholars.org | July-2019 

80 

 

29. Nemati S, Holder A, Razmi F, et al. (2018) An interpretable machine learning model for accurate prediction of sepsis in 

the ICU. Critical Care Medicine 46: 547-553. 

30. Desautels T, Calvert J, Hoffman J, et al. (2016) Prediction of sepsis in the intensive care unit with minimal electronic 

health record data: a machine learning approach. JMIR Medical Informatics 4(3): e28. 

31. Garcia-Martin E, Pablo LE, Herrero R, et al. (2013) Neural networks to identify multiple sclerosis with optical coherence 

tomography. Acta Ophthalmologica 91: e628-634. 

32. Iqbal S, Ghani MU, Saba T, et al. (2018) Brain tumor segmentation in multi-spectral MRI using convolutional neural 

networks (CNN). Microscopy Research and Technique 81: 419-427. 

33. Swaminathan S, Qirko K, Smith T, et al. (2017) A machine learning approach to triaging patients with chronic 

obstructive pulmonary disease. PLoS One 12(11): e0188532. 

34. Lakhani P, Sundaram B (2017) Deep learning at chest radiography: automated classification of pulmonary tuberculosis 

by using convolutional neural networks. Radiology 284(2): 574-582. 

https://www.ncbi.nlm.nih.gov/pubmed/29286945
https://www.ncbi.nlm.nih.gov/pubmed/29286945
https://www.ncbi.nlm.nih.gov/pubmed/27694098
https://www.ncbi.nlm.nih.gov/pubmed/27694098
https://www.ncbi.nlm.nih.gov/pubmed/23647619
https://www.ncbi.nlm.nih.gov/pubmed/23647619
https://www.ncbi.nlm.nih.gov/pubmed/29356229
https://www.ncbi.nlm.nih.gov/pubmed/29356229
https://www.ncbi.nlm.nih.gov/pubmed/29166411
https://www.ncbi.nlm.nih.gov/pubmed/29166411
https://www.ncbi.nlm.nih.gov/pubmed/28436741
https://www.ncbi.nlm.nih.gov/pubmed/28436741

