Leveraging natural language processing and machine learning methods for adverse
drug event detection in electronic health/medical records: A scoping review.
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Supplementary Material

Search Strategies

1. Ovid MEDLINE(R) ALL <1990 to July 13, 2023>

Query results from 18 Jul 2023

Click to run:
https://ovidsp.ovid.com/ovidweb.cgi?T=JS&NEWS=N&PAGE=main&SHAREDSEARCHID=c4s1RHRnnTZWJxM7|8
Ms5zVblyBA8hXGtyHJFESKLEmPhsOtLFH7mCDMRE3wv)YM

1 exp Artificial Intelligence/ 175,391
2 natural language processing.ti,ab,ot,kw,kf. 7,824

3 text mining.ti,ab,ot, kw,kf. 4,105

4 information extraction.ti,ab,ot,kw,kf. 1,900

5 clinical language processing.ti,ab,ot, kw,kf. 8

6 artificial intelligence.ti,ab,ot,kw,kf. 36,643
7 machine learning.ti,ab,ot,kw,kf. 90,717
8 deep learning.ti,ab,ot,kw,kf. 49,379
9 predictive modeling.ti,ab,ot,kw,kf. 3,361
10 | data mining.ti,ab,ot,kw,kf. 13,893
11 | supervised learning.ti,ab,ot,kw,kf. 5,424
12 | unsupervised learning.ti,ab,ot,kw,kf. 2,601
13 | (automated adj5 (detection or extraction or identification)).ti,ab,ot,kw,kf. 12,600
14 | or/1-13 286,399
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15 | (adverse adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 586,567
outcome$)).ti,ot,ab,kw,kf.

16 | side effectS.ti,ot,ab,kw,kf. 304,754

17 | (unintended adj2 (interaction$ or response$ or effectS or event$ or reaction$ or 2,246
outcome$)).ti,ot,ab,kw,kf.

18 | (unintentional adj2 (interaction$ or response$ or effect$ or event$ or reactionS or | 333
outcome$)).ti,ot,ab,kw,kf.

19 | (unwanted adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 7,927
outcome$)).ti,ot,ab,kw,kf.

20 | (unexpected adj2 (interaction$ or response$ or effectS or event$ or reaction$ or 8,325
outcome$)).ti,ot,ab,kw,kf.

21 | (undesirable adj2 (interaction$ or response$ or effectS or event$S or reaction$ or 10,286
outcome$)).ti,ot,ab,kw,kf.

22 | (serious adj2 (interaction$S or response$ or effect$ or event$ or reaction$ or 54,361
outcome$)).ti,ot,ab,kw,kf.

23 | (toxic adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 67,369
outcome$)).ti,ot,ab,kw,kf.

24 | (adrs or ades).ti,ot,ab,kw,kf. 7,169

25 | drug safety.ti,ot,ab,kw,kf. 6,836

26 | (drug surveillance or ((postmarketing or post marketing) adj2 4,011
surveillance)).ti,ot,ab,kw,kf.

27 | product surveillance.ti,ot,ab,kw,kf. 148

28 | drug monitoring.ti,ot,ab,kw,kf. 14,056

29 | tolerability.ti,ot,ab,kw,kf. 59,218

30 | treatment emergent.ti,ot,ab,kw,kf. 7,361

31 | toxicity.ti,ot,ab,kw,kf. 473,223

32 | pharmacovigilance.ti,ot,ab,kw,kf. 7,631

33 | drug withdrawal*.ti,ot,ab,kw,kf. 4,421

34 | ae.fs. 1,993,295

35 | to.fs. 480,819

36 | Product Surveillance, Postmarketing/ 7,628

37 | Adverse Drug Reaction Reporting Systems/ 8,826

38 | pharmacovigilance/ 3,306

39 | Drug Monitoring/ 23,555

40 | exp Drug Hypersensitivity/ 49,666

41 | exp "Drug-Related Side Effects and Adverse Reactions"/ 132,167

42 | Abnormalities, Drug-Induced/ 14,739

43 | Safety-Based Drug Withdrawals/ 416

44 | Drug Recalls/ 157

45 | safety signal*.ti,ot,ab,kw,kf. 3,206

46 | or/15-45 3,355,112

47 | 14 and 46 12,820

48 | medical records systems, computerized/ or electronic health records/ 45,813

49 | Electronic Health Record*.ti,ot,ab,kw,kf. 29,247

50 | (EHR or EHRs).ti,ab,ot,kw,kf. 12,957

51 | electronic medical record*.ti,ot,ab,kw,kf. 26,272

52 | digital health record*.ti,ot,ab,kw,kf. 52

53 | digital medical record*.ti,ab,ot,kw,kf. 90

54 | (emr or emrs).ti,ot,ab,kw,kf. 9,808

55 | computeri?ed medical record*.ti,ot,ab,kw,kf. 931

56 | computeri?ed health record*.ti,ot,ab,kw,kf. 34

57 | Automated Medical Record*.ti,ot,ab,kw,kf. 97

58 | Automated health Record*.ti,ot,ab,kw,kf. 4

59 | or/48-58 86,682

60 | 47 and 59 755




61 | Unstructured.ti,ot,ab,kw,kf. 12,701
62 | (note or notes).ti,ot,ab,kw,kf. 147,027
63 | narrative*.ti,ot,ab,kw,kf. 76,445
64 | free text.ti,ot,ab,kw,kf. 6,622
65 | nonstructured.ti,ot,ab,kw,kf. 261

66 | descript* text.ti,ot,ab,kw,kf. 114

67 | open text.ti,ot,ab,kw,kf. 373

68 | electronic text.ti,ot,ab,kw,kf. 36

69 | text box.ti,ot,ab,kw,kf. 58

70 | text field*.ti,ot,ab,kw,kf. 293

71 | or/61-70 240,510
72 | 60and 71 204

2. Embase Search Strategy
Click to run:

https://ovidsp.ovid.com/ovidweb.cgi?T=JS&NEWS=N&PAGE=main&SHAREDSEARCHID=6drXR6932ghdfcgPhY3

BBnC2pCQ6IBdbONhKBbe5vEMG9bi263KSSh20EJM9sCBCs
Embase <1990 to 2023 Week 27>

Results from
#  Query 14 Jul 2023
1 [natural language processing/ 10,274
2 |exp Artificial Intelligence/ 82,270
3 [natural language processing.ti,ab,ot,kw,kf. 9,163
4 [text mining.ti,ab,ot,kw,kf. 4,354
5 linformation extraction.ti,ab,ot,kw,kf. 1,944
6 [clinical language processing.ti,ab,ot,kw,kf. 5
7 |artificial intelligence.ti,ab,ot,kw,kf. 43,753
8 |machine learning.ti,ab,ot, kw,kf. 107,499
9 |deep learning.ti,ab,ot,kw,kf. 57,161
10 |predictive modeling.ti,ab,ot,kw,kf. 4,147
11 |data mining.ti,ab,ot,kw,kf. 18,176
12 |supervised learning.ti,ab,ot,kw,kf. 6,264
13 |unsupervised learning.ti,ab,ot, kw,kf. 2,937
14 |(automated adj5 (detection or extraction or identification)).ti,ab,ot, kw,kf. 16,303
15 |or/1-14 264,210
(adverse adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or
16 . 895,580
outcome$)).ti,ot,ab,kw,kf.
17 |side effectS.ti,ot,ab,kw,kf. 383,433
(unintended adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or
18 . 2,692
outcome$)).ti,ot,ab,kw,kf.
(unintentional adj2 (interaction$ or response$ or effect$ or eventS or reaction$ or
19 . 420
outcome$)).ti,ot,ab,kw,kf.
(unwanted adj2 (interaction$ or response$ or effect$ or eventS or reaction$ or
20 . 9,292
outcome$)).ti,ot,ab,kw,kf.
(unexpected adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or
21 . 10,568
outcome$)).ti,ot,ab,kw,kf.
(undesirable adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or
22 . 11,714
outcome$)).ti,ot,ab,kw,kf.
(serious adj2 (interaction$ or response$ or effectS or eventS or reaction$ or
23 . 83,840
outcome$)).ti,ot,ab,kw,kf.




(toxic adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or

24 outcome$)).ti,ot,ab,kw,kf. 67,622
25 |(adrs or ades).ti,ot,ab,kw,kf. 13,395
26 |drug safety.ti,ot,ab,kw,kf. 11,277
27 (drug'surveillar?ce or ((postmarketing or post marketing) adj2 5623
surveillance)).ti,ot,ab,kw,kf.
28 [product surveillance.ti,ot,ab,kw,kf. 339
29 [drug monitoring.ti,ot,ab,kw,kf. 21,217
30 |[tolerability.ti,ot,ab,kw,kf. 107,155
31 |[treatment emergent.ti,ot,ab,kw,kf. 18,763
32 |[toxicity.ti,ot,ab,kw,kf. 582,245
33 [pharmacovigilance.ti,ot,ab,kw,kf. 15,457
34 |drug withdrawal*.ti,ot,ab,kw,kf. 5,593
35 [ae.fs. 1,108,959
36 [to.fs. 465,969
37 |exp adverse drug reaction/ 491,646
38 [exp postmarketing surveillance/ 38,121
39 [exp adverse effect/ 820,559
40 |exp drug safety/ 547,182
41 |exp drug monitoring/ 44,087
42 |exp Drug Hypersensitivity/ 63,675
43 |exp side effect/ 648,817
44 |exp product recall/ 1,717
45 |safety signal*.ti,ot,ab,kw,kf. 8,837
46 |or/16-45 3,399,206
47 |15 and 46 12,779
48 |electronic medical record system/ or electronic medical record/ 81,997
49 |Electronic Health Record*.ti,ot,ab,kw,kf. 44,245
50 |(EHR or EHRs).ti,ab,ot,kw,kf. 20,470
51 |electronic medical record*.ti,ot,ab,kw,kf. 56,697
52 |digital health record*.ti,ot,ab,kw,kf. 87
53 |digital medical record*.ti,ab,ot,kw,kf. 240
54 |(emr or emrs).ti,ot,ab,kw,kf. 23,717
55 |computeri?ed medical record*.ti,ot,ab,kw,kf. 1,215
56 |computeri?ed health record*.ti,ot,ab,kw,kf. 39
57 |Automated Medical Record*.ti,ot,ab,kw,kf. 61
58 [Automated health Record*.ti,ot,ab,kw,kf. 4
59 |or/48-58 146,095
60 [47 and 59 1,055
61 |Unstructured.ti,ot,ab,kw,kf. 14,500
62 |(note or notes).ti,ot,ab,kw,kf. 174,135
63 [narrative*.ti,ot,ab,kw,kf. 85,369
64 |[free text.ti,ot,ab,kw,kf. 10,718
65 |nonstructured.ti,ot,ab,kw,kf. 249
66 |descript* text.ti,ot,ab,kw,kf. 135
67 [open text.ti,ot,ab,kw,kf. 535
68 |electronic text.ti,ot,ab,kw,kf. 59
69 |[text box.ti,ot,ab,kw,kf. 197




70 [text field*.ti,ot,ab,kw,kf. 477
71 |or/61-70 281,632
72 |60and 71 287
3. Psycinfo Search Strategy
APA PsyclInfo <1987 to August Week 4 2023>
1 | exp Artificial Intelligence/ 30630
2 | data collection/ or data mining/ or data processing/ 12000
3 natural language processing.mp. 2170
4 text mining.mp. 989
5 information extraction.mp. 378
6 clinical language processing.mp. 1
7 artificial intelligence.mp. 14501
8 machine learning.mp. 17121
9 deep learning.mp. 3575
10 | predictive modeling.mp. 580
11 | data mining.mp. 4613
12 | supervised learning.mp. 1193
13 | unsupervised learning.mp. 713
14 | (automated adj5 (detection or extraction or identification)).mp. 682
15 | or/1-13 52232
16 | (adverse adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 48894
outcomeS$)).mp.
17 | side effectS.mp. 53664
18 | (unintended adj2 (interaction$ or response$ or effectS or eventS or reaction$ or 1025
outcome$)).mp.
19 | (unintentional adj2 (interaction$ or response$ or effect$ or event$ or reactionS or | 109
outcome$)).mp.
20 | (unwanted adj2 (interaction$ or response$ or effectS or event$ or reaction$ or 1001
outcomeS$)).mp.
21 | (unexpected adj2 (interaction$ or response$ or effectS or event$ or reaction$ or 2296
outcomeS$)).mp.
22 | (undesirable adj2 (interaction$ or response$ or effectS or event$S or reaction$ or 1447
outcome$)).mp.
23 | (serious adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 4181
outcome$)).mp.
24 | (toxic adj2 (interaction$ or response$ or effect$ or event$ or reaction$ or 1782
outcome$)).mp.
25 | (adrs or ades).mp. 512
26 | drug safety.mp. 1415
27 | (drug surveillance or ((postmarketing or post marketing) adj2 surveillance)).mp. 476
28 | product surveillance.mp. 257
29 | drug monitoring.mp. 1825
30 | tolerability.mp. 8220
31 | treatment emergent.mp. 1710
32 | toxicity.mp. 10386
33 | Drug Effects.mp. 3584
34 | pharmacovigilance.mp. 391
35 | drug withdrawal*.mp. 5607
36 | "side effects (drug)"/ or "side effects (treatment)"/ or drug allergies/ or drug 32996
interactions/
37 | exp safety/ or exp patient safety/ 35135
38 | vigilance/ or monitoring/ 11693




39 | safety signal*.mp. 412
40 | or/16-39 165083
41 | medical records systems, computerized/ or electronic health records/ 1308
42 | exp Medical Records/ or exp Electronic Health Records/ 4854
43 | Electronic Health Record*.mp. 3901
44 | (EHR or EHRs).mp. 1244
45 | electronic medical record*.mp. 2519
46 | digital health record*.mp. 9

47 | digital medical record*.mp. 8

48 | (emr or emrs).mp. 784
49 | computeri?ed medical record*.mp. 77

50 | computeri?ed health record*.mp. 4

51 | Automated Medical Record*.mp. 12

52 | Automated health Record*.mp. 2

53 | Unstructured.mp. 5278
54 | (note or notes).mp. 68789
55 | narrative*.mp. 85840
56 | free text.mp. 1003
57 | nonstructured.mp. 105
58 | descript* text.mp. 69

59 | open text.mp. 112
60 | electronic text.mp. 85

61 | text box.mp. 42

62 | text field*.mp. 42

63 | exp Health Information Technology/ 6151
64 | or/41-63 167581
65 | 15 and 40 and 64 114

4. |IEEE Xplore Search Strategy
(((adverse effect* OR adverse event* OR adverse reaction* OR adverse drug reaction*OR adverse outcome OR
side effect OR side effects OR pharmacovigilance OR drug safety OR drug surveillance OR drug monitoring OR
post marketing surveillance OR drug vigilance OR patient safety OR safety signal OR safety signals) AND
(Electronic Health Record* OR electronic medical record*)))
5. ACM Digital Library Search Strategy

[[Title: "electronic health record"] OR [Title: "electronic medical record'] OR [Title: ""electronic medical
records" ""electronic health records'] OR [Title: ""unstructured data"] OR [Title: "neural network']] AND [[Title:
"adverse drug effect"] OR [Title: "adverse drug effects'] OR [Title: "adverse drug event"] OR [Title: "adverse
drug events'] OR [Title: "adverse drug reaction"] OR [Title: "adverse drug reactions'] OR [Title: "adverse drug
outcome"] OR [Title: "adverse drug outcomes"] OR [Title: "'drug side effect'] OR [Title: ""drug side

effects']] AND [[Title: "pharmacovigilance'] OR [Title: "drug safety'] OR [Title: "drug surveillance"] OR [Title:
"drug monitoring''] OR [Title: "post marketing surveillance"] OR [Title: "drug vigilance'] OR [Title: "'patient
safety"]] AND [E-Publication Date: (01/01/1990 TO 12/31/2023)]

6. Google Scholar

Search query date: 18 July 2023

"adverse events" AND "unstructured data" AND "electronic health records"

Excluded Studies

1. Al-Worafi YM. Technology for Drug Safety: Recommendations: Springer 2023:153-75.
2. Alagha MA, Young-Gough A, Lyndon M, et al. AIM and Patient Safety: Springer 2022:215-25.




3. Alfattni G, Belousov M, Peek N, Nenadic G. Extracting Drug Names and Associated Attributes From
Discharge Summaries: Text Mining Study. JMIR medical informatics 2021;9(5):e24678. doi:
https://dx.doi.org/10.2196/24678

4. Aronson JK. Artificial intelligence in pharmacovigilance: an introduction to terms,concepts,
applications, and limitations. Drug Saf 2022;45(5):407-18.

5. Ball R, Dal Pan G. “Artificial intelligence” for pharmacovigilance: ready for prime time? Drug Saf
2022;45(5):429-38.

6. A Clustering Framework for Patient Phenotyping with Application to Adverse Drug Events; 2020.

7. Bate A, Hobbiger SF. Artificial intelligence, real-world automation and the safety of medicines. Drug
Saf 2021;44:125-32.

8. Bate A, Luo Y. Artificial intelligence and machine learning for safe medicines. Drug Saf
2022;45(5):403-05.

9. Bhattacharya M. Applying machine learning methods to electronic health records: Studies in risk-
stratification of chronic kidney disease and hypertrophic cardiomyopathy. Dissertation Abstracts
International: Section B: The Sciences and Engineering 2019;80(8-B(E)):No-Specified.

10. Botsis T, Kreimeyer K. Improving drug safety with adverse event detection using natural
languageprocessing. Expert Opin Drug Saf 2023(just-accepted)

11. Chaichulee S, Promchai C, Kaewkomon T, et al. Multi-label classification of symptom terms from
free-text bilingual adverse drug reaction reports using natural language processing. PLoS One
2022;17(8):e0270595. doi: https://dx.doi.org/10.1371/journal.pone.0270595

12. Chapman AB, Mowery DL, Swords DS, et al. Detecting Evidence of Intra-abdominal Surgical Site
Infections from Radiology Reports Using Natural Language Processing. AMIA Annual Symposium
proceedings AMIA Symposium 2017;2017(101209213):515-24.

13. Chapman AB, Peterson KS, Alba PR, et al. Detecting Adverse Drug Events with Rapidly Trained
Classification Models. Drug Saf 2019;42(1):147-56. doi: https://dx.doi.org/10.1007/s40264-018-0763-
y

14. Chazard E, Ficheur G, Bernonville S, et al. Data mining to generate adverse drug events detection
rules. IEEE transactions on information technology in biomedicine : a publication of the IEEE
Engineering in Medicine and Biology Society 2011;15(6):823-30. doi:
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15. Chen L, Gu Y, Ji X, et al. Extracting medications and associated adverse drug events using a natural
language processing system combining knowledge base and deep learning. Journal of the American
Medical Informatics Association : JAMIA 2020;27(1):56-64. doi:
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Record Clinical Notes: Assessment of Statistical Natural Language Processing Methods. JMIR medical
informatics 2019;7(1):e13039. doi: https://dx.doi.org/10.2196/13039
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review. JMIR medical informatics 2020;8(7):€18599.

18. Chu J, Dong W, He K, et al. Using neural attention networks to detect adverse medical events from
electronic health records. J Biomed Inform 2018;87(100970413, d2m):118-30. doi:
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19. Clapp MA, McCoy TH, Kim E, et al. Natural language processing of admission notes predicts severe
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https://dx.doi.org/10.1016/j.ajog.2021.11.539

20. Coulet A, Shah NH, Wack M, et al. Predicting the need for a reduced drug dose, at first prescription.
Sci Rep 2018;8(1):15558. doi: https://dx.doi.org/10.1038/s41598-018-33980-0

21. Explainable Predictions of Adverse Drug Events from Electronic Health Records Via Oracle
Coaching; 2018.

22.Curino CA, Jia Y, Lambert B, et al. Mining Officially Unrecognized Side Effects of Drugs by Combining
WebSearch and Machine Learning: Association for Computing Machinery, 2005:365-72.



23. Dandala B, Joopudi V, Devarakonda M. Adverse Drug Events Detection in Clinical Notes by Jointly
Modeling Entities and Relations Using Neural Networks. Drug Saf 2019;42(1):135-46. doi:
https://dx.doi.org/10.1007/s40264-018-0764-x

24. Dandala B, Joopudi V, Tsou C-H, et al. Extraction of Information Related to Drug Safety Surveillance
From Electronic Health Record Notes: Joint Modeling of Entities and Relations Using Knowledge-Aware
Neural Attentive Models. JMIR medical informatics 2020;8(7):e18417. doi:
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25. Daniel C, Kalra D. Clinical Research Informatics. Yearb Med Inform 2020;29(1):203-07. doi:
https://dx.doi.org/10.1055/s-0040-1702007

26. Davies H, Noble P, Fins |, et al. A Method for Identification of Renal Disease in Unstructured Clinical
Narratives. Drug Saf 2022;45(10):1135. doi: https://dx.doi.org/10.1007/s40264-022-01219-7

27. Davis SE, Zabotka L, Desai RJ, et al. Use of Electronic Health Record Data for Drug Safety
Signalldentification: A Scoping Review. Drug Saf 2023:1-18.

28. Davoud SC, Kovacheva VP. On the Horizon: Specific Applications of Automation and Artificial
Intelligence in Anesthesiology. Current Anesthesiology Reports 2023;13(2):31-40. doi:
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29. Deady M, Ezzeldin H, Cook K, et al. The Food and Drug Administration Biologics Effectiveness and
Safety Initiative Facilitates Detection of Vaccine Administrations From Unstructured Data in Medical
Records Through Natural Language Processing. Frontiers in digital health 2021;3(101771889):777905.
doi: https://dx.doi.org/10.3389/fdgth.2021.777905

30. Del Rio-Bermudez C, Medrano IH, Yebes L, Poveda JL. Towards a symbiotic relationship between
big data, artificial intelligence, and hospital pharmacy. Journal of pharmaceutical policy and practice
2020;13(1):75. doi: https://dx.doi.org/10.1186/s40545-020-00276-6

31. Despotou G, Korkontzelos |, Matragkas N, et al. Structuring Clinical Decision Support Rules for Drug
Safety Using Natural Language Processing. Stud Health Technol Inform 2018;251(ck1, 9214582):89-92.
32.Ding Y, Tang J, Guo F. Identification of Drug-Side Effect Association via Semisupervised Model and
Multiple Kernel Learning. IEEE Journal of Biomedical and Health Informatics 2019;23(6):2619-32. doi:
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