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[bookmark: _Ref26971999]Differences Between TAC ADR and ADE Eval
The NIST TAC ADR evaluation provided valuable insights to FDA regarding the general state of the art in discovering ADR mentions in drug labels. However, FDA has pharmacovigilance-specific interests that were not addressed by the four NIST TAC ADR tasks, shown below for convenience:
· Task 1: Extract adverse reactions and related concepts, such as Severity, Factor, DrugClass, Negation, and Animal
· Task 2: Identify the relations between adverse reactions and contextual concepts such as Negated, Hypothetical, and Effect
· Task 3: For each PI label, identify the set of unique strings which correspond to the positive (i.e., relevant) Adverse Reaction mentions
· Task 4: For each PI label, provide MedDRA® Preferred Terms (PTs) and Lowest-Level Terms (LLTs) for each unique string in Task 3
The design of the TAC ADR evaluation did not align with pharmacovigilance needs in the following ways:
· First, and most significantly, the TAC definition of Adverse Reaction differs from pharmacovigilance mission-specific definition. For instance, mentions of death qualify as Adverse Reactions for the NIST TAC ADR evaluation, but not for pharmacovigilance, where death is classified as an outcome. Clinical manifestations and symptoms related to a primary adverse reaction are also treated differently. In cases where adverse reactions are described as medical conditions and accompanied by associated symptoms, TAC ADR track guidelines instruct participants to annotate the reaction and the symptoms, whereas pharmacovigilance guidelines stipulate annotation only of the adverse reaction. Hence, in “Drug X can cause serotonin syndrome. Symptoms of serotonin syndrome may include agitation, hallucinations, delirium, coma, tachycardia, and tremor,” the TAC ADR track stipulates annotation of serotonin syndrome, agitation, hallucinations, delirium, coma, tachycardia, and tremor, but pharmacovigilance-based guidelines annotates only serotonin syndrome (the primary adverse event).
· Second, the link between mentions and MedDRA® codes is not reliable in the NIST TAC ADR evaluation. The evaluation of Task 3 was independent of the evaluation of Task 1, and similarly the evaluation of Task 4 was independent of the evaluation of Task 3; and the submission format provides no explicit link was provided between the MedDRA® codes and the mentions. However, maintaining the link between mentions and MedDRA® codes is crucial for the presence of the MedDRA® code to be verifiable, which is important for the pharmacovigilance use cases discussed in Section 1. Nor is the link between the mentions and the MedDRA® codes reliably inferrable; the guidelines for NIST TAC ADR Task 3 provide a rule which induces positive Adverse Reaction mention names (i.e., relevant unique strings) from the mentions found in Task 1 and the relations found in Task 2, but performers were not required to follow the rule. 
· Third,  the NIST TAC ADR scorer did not break out scores by section of label. Performance by section is important to pharmacovigilance because ADE location in the label is one of the factors used to prioritize safety signals.
· Fourth, the mention finding component of the NIST TAC ADR task (Task 1) included not just ADEs, but a diverse set of contextual items, including negation (never, no, not), adjectival expressions for severity (critical, moderate, severe), hedging expressions such as verbs and verb phrases (might, poses a risk), as well as mentions of animal species where an adverse reaction occurred. But the TAC ADR scorer only provided mention-finding scores for all mentions, not for the subcategories. As a result, while a number of the NIST TAC ADR performers were gracious enough to share their submissions with MITRE, enabling further analysis, in general the Adverse Reaction-specific mention finding scores for TAC were not recoverable from the announced results.
· Finally, the NIST TAC ADR scorer required that a system’s mention match a gold mention exactly to be counted as correct. For at least one of the pharmacovigilance use cases, exact match is unnecessary; it is likely that the system which best supports safety evaluators may only need show them MedDRA® codes with supporting evidence whose exact span is not important.
For these reasons, FDA charged MITRE to conduct a separate, pharmacovigilance-specific evaluation. This also allowed FDA pharmacovigilance SEs to craft a gold-standard corpus to address additional interests, such as the identification and categorization of elements in the PI text which are potentially confusable with pharmacovigilance ADEs. For more details, see Section 3.1.1. 
Related Tasks
Supplementary Table A-1 shows the task objectives of the ADE Eval, NIST TAC ADR, National NLP Clinical Challenges (n2c2), MADE 1.0 and SMM4H shared tasks.
[bookmark: _Ref27049366][bookmark: _Ref27049206]Supplementary Table A‑1: ADE-related shared tasks
	Challenge
Track
	Doc Type
	Document
Classification
	Concept
Extraction
	Concept Normalization
	Relation Identification
	ADE Context Identification

	ADE Eval
	Drug labels
	
	ADE
	MedDRA®
	
	

	NIST TAC (2017) ADR
	Drug labels
	
	ADE
	MedDRA®
	ADE-context
	Severity, Factor, DrugClass, Negation, and Animal

	n2c2 (2018)
Track 2
	EHR notes
	
	Drug &  attributes
ADE
	
	Drug-ADE
Drug-Attribute
	

	MADE 1.0 (2018)






	EHR notes
	
	Drug & attributes
ADE
Indications
	
	Drug-indication, Drug-ADE, Drug-attribute
	Severity

	SMM4H  (2017)
	Tweets
	ADE
Drug name
Drug intake
	
	MedDRA® (pre-extracted expressions)
	
	

	SMM4H  (2018)
	Tweets
	ADE
Drug name
Drug intake
Flu vaccine status
	
	
	
	

	SMM4H  (2019)
	Tweets
	ADE
health status
	ADE
	MedDRA®
	
	

	ADE Eval: The present study; NIST TAC ADR: National Institute of Standards and Technology Text Analysis Conference Adverse Drug Reaction Track; n2c2 Track 2: National NLP (Natural Language Processing) Clinical Challenges Track 2 Adverse Drug Events; MADE: Medication and Adverse Drug Events; SMM4H: Social Media Mining for Health Applications



[bookmark: _Ref27049391]Supplementary Table A‑2: Top scores on ADE-related EHR-based shared tasks[footnoteRef:2] [2:  The definition of concept for these evaluations covered a wide range of entity types, not limited to ADEs.] 

	
	Concept Extraction
	Relation Classification
	End-to-end entity and relation

	n2c2 (2018) Track 2
	0.94 (F1, micro-averaged inexact match)
0.90 (F1, micro-averaged exact match)
	0.96 (F1, micro-averaged)
	0.89 (F1, micro-averaged inexact match)
0.82 (F1, micro-averaged exact match)

	MADE 1.0 (2018)
	0.82 (F1, exact match)
	0.86 (F1, micro-averaged)
	0.61 (F1, micro-averaged exact match)

	MADE 1.0 ensemble
	0.85 (F1, exact match)
	0.87 (F1, micro-averaged)
	0.66 (F1, micro-averaged exact match)

	n2c2 Track 2: National NLP (Natural Language Processing) Clinical Challenges Track 2 Adverse Drug Events; MADE: Medication and Adverse Drug Events



[bookmark: _Ref27049403]Supplementary Table A‑3: Top scores on ADE-related Twitter-based shared tasks
	
	Tweet Classification
(ADE/No ADE)
	Normalization of pre-extracted ADEs to MedDRA® 
	Extraction of ADE mentions
	Normalization of automatically extracted ADEs to MedDRA® PTs

	SMM4H  (2017)
	0.435 (F1)
	88.5% (accuracy)
	N/A
	N/A

	SMM4H  (2018)
	0.522 (F1)
	N/A
	N/A
	N/A

	SMM4H  (2019)
	0.646
	N/A
	0.658 (relaxed)
0.464 (strict)
	0.432 (relaxed)
0.344 (strict)

	SMM4H: Social Media Mining for Health Applications




[bookmark: _Ref31806671]Related Corpora
In addition to the annotated corpus for the NIST TAC ADR evaluation, a number of corpora containing adverse event-related annotations have been made available. The MADE 1.0 Corpus [1], developed in association with the MADE Shared Task, contains 1089 fully de-identified longitudinal EHR notes from 21 randomly selected patients and 1940 ADE annotations, although the use of this corpus is restricted to the MADE evaluation itself. Two other corpora are freely available: the ADE Corpus [2] contains 3,000 MEDLINE case reports and 5,776 ADE annotations; the CSIRO Adverse Drug Event Corpus (CADEC) [3] contains 1250 medical forum posts on patient-reported adverse drug events and 6,318 ADE annotations. Details about annotations and inter-annotator agreement are included in Supplementary Table A‑4.  

[bookmark: _Ref27049523]Supplementary Table A‑4: Publicly available ADE-annotated corpora
	Name
	Content
	Annotations
	ADE Normalization Terminology
	IAA scores

	ADE Corpus
[2]
	3,000 MEDLINE case reports;
5,776 ADE annotations
	drugs and chemicals, adverse effects), relationships between  drugs and adverse effects, relationships between  drugs and dosages
	MedDRA®
	F1 score
AE (Exact): 0.75-0.80
AE (Partial): 0.77-0.80
Drug-AE: 0.60-0.68
Drug-AE: 0.74-0.78

	CSIRO Adverse Drug Event Corpus (CADEC)
[3]
	1250 medical forum posts on patient-reported adverse drug events; 
6,318 ADE annotations
	drugs, adverse effects, symptoms, and diseases,  normalized to SNOMED Clinical Terms, the Australian Medicines Terminology, and MedDRA®
	N/A
	Average of pairwise agreement
0.47 with strict span and label matching and 0.78 with relaxed span and label matching

	MADE (Medication and Adverse Drug Events from Electronic Health Records) 1.0 Corpus
[1]
	1089 fully de-identified longitudinal EHR notes from 21 randomly selected patients;
1940 ADE annotations
	clinical named entities (drug name, dosage, route, duration, frequency, indication, ADE, and other signs and symptoms) and relations (ADE–drug name, indication–drug name, drug name–attributes
	MedDRA®
	Fleiss’ kappa (κ)
0.628 (names entities) and 0.424 (relations)

	ADE: Adverse Drug Event; CSIRO: Commonwealth Scientific and Industrial Research Organisation (Australia); 



Supplementary Material for ADE Eval


Methods: Supplementary Material
[bookmark: _Toc8292128][bookmark: _Ref27036689][bookmark: _Ref26971824]Final Corpus Statistics: Analysis by Reason
Two crucial features of the ADE Eval corpus were the inclusion of unscored categories to enable analysis of confusability, and the assignment to each mention of a reason that the mention was marked with its category. The reasons available for each category are listed and described in Supplementary Table B‑1. 
[bookmark: _Ref28014287]Supplementary Table B‑1: Definition of reasons
	Category
	Reason
	Description

	OSE_Labeled_AE
	from_drug_use
	ADE associated with the use of the drug of interest

	OSE_Labeled_AE
	from_drug_component
	ADE associated with an inactive ingredient of the drug of interest.

	OSE_Labeled_AE
	class_effect
	Effect associated with a drug class to which the drug of interest belongs.

	OSE_Labeled_AE
	medication_error
	Preventable event that may cause or lead to inappropriate medication use or patient harm while the medication is in the control of a healthcare provider, patient, or consumer.  Examples include administration of incorrect dosage, taking a drug at incorrect frequency, or administering the wrong drug because if easily confused names.

	OSE_Labeled_AE
	other
	A reason for interest other than the specific reasons listed.

	NonOSE_AE
	manifestation_or_complication
	Text describing signs, symptoms, or changes in lab results related to the manifestations of an ADE and the sequelae of an ADE are not of interest.

	NonOSE_AE
	AE_rate_lteq_placebo
	ADEs with incidence rate equal to or lower than placebo are not of interest.

	NonOSE_AE
	AE_animal
	ADEs observed in animal data are not of interest.

	NonOSE_AE
	AE_from_drug_interaction
	ADEs that result from drug-drug interaction or co-administration are not of interest.

	NonOSE_AE
	general_term
	General terms or non-specific text such as broad categories (e.g. MedDRA® system organ class) used to introduce ADEs or text describe an outcome (e.g., death) rather than an ADE. These are not of interest.

	NonOSE_AE
	AE_from_off_label
	ADEs associated with off-label or unapproved drug use are not of interest.

	NonOSE_AE
	AE_only_as_instruction
	ADEs mentioned in instructions are often mentioned in a hypothetical context, with instructions for or what to do if they develop. These ADEs are not of interest.

	NonOSE_AE
	AE_for_another_drug_in_class
	ADE is related to a class effect but the label specifically states that the ADE has not been reported or associated with the drug of interest or that the ADE was only reported for another drug in the class to which the drug of interest belongs. These ADEs are not of interest.

	NonOSE_AE
	OD_or_withdrawal
	ADE associated with discontinuing a medication or taking more than the prescribed amount. Drug overdose or withdrawal do not generally occur when a drug is used as indicated. Additionally, in the context of pharmacovigilance,
identifying ADEs associated with the drug when used as indicated is the highest priority. These ADEs are not of interest.

	NonOSE_AE
	negation
	ADE whose presence or occurrence is negated or denied. These ADEs are not of interest.

	NonOSE_AE
	other
	A reason for disinterest other than the specific reasons listed.

	Not_AE_Candidate
	indication
	A clinical symptom or circumstance for which the use of the drug of interest would be appropriate. These mentions are not ADEs.

	Not_AE_Candidate
	contraindication
	A clinical symptom, circumstance, or condition for which the use of the drug of interest would be inappropriate. These mentions are not ADEs.

	Not_AE_Candidate
	preexisting_condition_or_risk_factor
	Mentions that describe a condition that developed prior to applying the medication of interest, or condition that increases the likelihood of developing a disease or injury. These mentions are not ADEs.

	Not_AE_Candidate
	other
	A reason other than the specific reasons listed that the mention is not actually an ADE.



The makeup of the complete 200-label corpus (train and test), broken down by category and reason, is provided in Supplementary Table B‑2.

[bookmark: _Ref27036449]Supplementary Table B‑2: Corpus Mention Annotation Statistics
	Category
	Reason
	Total Annotations
	Discontinuous Annotations

	(all categories)
	(all reasons)
	61548
	3549

	OSE_Labeled_AE
	(all reasons)
	36083
	2284

	OSE_Labeled_AE
	class_effect
	1757
	261

	OSE_Labeled_AE
	from_drug_component
	77
	3

	OSE_Labeled_AE
	from_drug_use
	34181
	1995

	OSE_Labeled_AE
	medication_error
	63
	25

	OSE_Labeled_AE
	other
	5
	0

	NonOSE_AE
	(all reasons)
	17787
	975

	NonOSE_AE
	AE_animal
	387
	71

	NonOSE_AE
	AE_for_another_drug_in_class
	87
	2

	NonOSE_AE
	AE_from_drug_interaction
	728
	39

	NonOSE_AE
	AE_from_off_label
	235
	14

	NonOSE_AE
	AE_only_as_instruction
	7544
	514

	NonOSE_AE
	AE_rate_lteq_placebo
	608
	40

	NonOSE_AE
	OD_or_withdrawal
	489
	4

	NonOSE_AE
	general_term
	4634
	36

	NonOSE_AE
	manifestation_or_complication
	2482
	211

	NonOSE_AE
	negation
	576
	42

	NonOSE_AE
	other
	17
	2

	Not_AE_Candidate
	(all reasons)
	7678
	290

	Not_AE_Candidate
	contraindication
	169
	8

	Not_AE_Candidate
	indication
	3318
	45

	Not_AE_Candidate
	preexisting_condition_or_risk_factor
	4166
	237

	Not_AE_Candidate
	other
	25
	0



The makeup of the 100-label test subset is described in Supplementary Table B‑3. Due to the evolution of the OSE criteria for relevance, some of the gold standard mentions in the test subset appear in regions which are ignored according to the guidelines and not scored (e.g., excerpts). In the interest of consistency, these mentions are not counted in Supplementary Table B‑3. 
[bookmark: _Ref27036511]Supplementary Table B‑3: Test Corpus Mention Annotation Statistics
	Category
	Reason
	Total Annotations
	Discontinuous Annotations

	(all categories)
	(all reasons)
	33464
	1974

	OSE_Labeled_AE
	(all reasons)
	19520
	1291

	OSE_Labeled_AE
	class_effect
	827
	127

	OSE_Labeled_AE
	from_drug_component
	68
	2

	OSE_Labeled_AE
	from_drug_use
	18575
	1140

	OSE_Labeled_AE
	medication_error
	47
	22

	OSE_Labeled_AE
	other
	3
	0

	NonOSE_AE
	(all reasons)
	9662
	531

	NonOSE_AE
	AE_animal
	146
	24

	NonOSE_AE
	AE_for_another_drug_in_class
	32
	2

	NonOSE_AE
	AE_from_drug_interaction
	400
	19

	NonOSE_AE
	AE_from_off_label
	148
	5

	NonOSE_AE
	AE_only_as_instruction
	4160
	305

	NonOSE_AE
	AE_rate_lteq_placebo
	302
	20

	NonOSE_AE
	OD_or_withdrawal
	283
	2

	NonOSE_AE
	general_term
	2511
	17

	NonOSE_AE
	manifestation_or_complication
	1338
	106

	NonOSE_AE
	Negation
	331
	29

	NonOSE_AE
	Other
	11
	2

	Not_AE_Candidate
	(all reasons)
	4282
	152

	Not_AE_Candidate
	Contraindication
	108
	8

	Not_AE_Candidate
	Indication
	1884
	9

	Not_AE_Candidate
	preexisting_condition_or_risk_factor
	2284
	135

	Not_AE_Candidate
	other
	6
	0



[bookmark: _Ref27036847]In order to quantify the differences between the ADE Eval annotation guidelines and the TAC ADR annotation guidelines, we compared the annotations for the 50 drug labels in the ADE Eval training corpus which overlapped the NIST TAC ADR corpus. The results of this analysis are shown in Supplementary Table B‑4. This table shows the alignment, broken down by reason, between the two annotation sets, for the two unscored ADE Eval categories. The alignments are further decomposed into two categories: the alignment with ADE mentions in the TAC ADR corpus which are positive according to TAC ADR task 3 (i.e., they meet the definition of a genuine ADE according to TAC ADR), and with ADE mentions in the TAC ADR corpus which are not positive. 

[bookmark: _Ref27051913]Supplementary Table B‑4: ADE Eval vs. TAC ADR Mention Overlap
	ADE Eval Category
	Reason
	ADE Eval Mentions Matching TAC Positive ADE
	ADE Eval Mentions Matching TAC Nonpositive ADE
	ADE Eval Mentions Missing from TAC

	NonOSE_AE
	AE_animal
	4
	70
	0

	NonOSE_AE
	AE_for_another_drug_in_class
	1
	11
	1

	NonOSE_AE
	AE_from_drug_interaction
	41
	3
	9

	NonOSE_AE
	AE_from_off_label
	25
	5
	0

	NonOSE_AE
	AE_only_as_instruction
	119
	30
	769

	NonOSE_AE
	AE_rate_lteq_placebo
	44
	3
	6

	NonOSE_AE
	OD_or_withdrawal
	1
	0
	43

	NonOSE_AE
	general_term
	102
	27
	435

	NonOSE_AE
	manifestation_or_complication
	151
	13
	142

	NonOSE_AE
	negation
	8
	68
	5

	NonOSE_AE
	other
	0
	1
	4

	Not_AE_Candidate
	contraindication
	0
	0
	2

	Not_AE_Candidate
	indication
	0
	0
	21

	Not_AE_Candidate
	preexisting_condition_or_risk_factor
	4
	0
	333

	Not_AE_Candidate
	other
	18
	0
	545



While the ADE Eval categories in this table were not exhaustively annotated, there are still some useful observations that can be made. The table shows that the two corpora broadly agree that those elements marked as Not_AE_Candidate are not ADEs. However, there is more variation among those reasons which are associated with NonOSE_AE (that is, those which might be considered ADEs for other tasks but not for OSE); while the two corpora largely still agree, there are several reasons (AE_only_as_instruction, manifestation_or_complication, and general_term) some of whose mentions align with positive TAC ADR ADEs and some of which are not present in TAC ADR at all. Other categories (AE_animal, negation) are largely agreed to be nonpositive. 
There were roughly 14,000 MedDRA® terms in the annotated corpus. For comparison, all of MedDRA® contains over 23,000 preferred terms (PTs) and over 80,000 low-level terms (LLTs). As is often the case when using controlled vocabulary such as MedDRA® for coding, a small number of terms account for the great majority of encodings; for example, when developing a mapping bridge from MedDRA to SNOMED terms, researchers within the IMI Web RADR 2 Project [4] utilized 7,349 MedDRA LLTs corresponding to under 2,500 MedDRA PTs; this relatively small subset of MedDRA terms covered European Medicines Agency (EMA) and Medicines and Healthcare Products Regulatory Agency (MHRA) reported terms for adverse events, medical history, indications, and test names and included terms from EMA’s Designated Medical Event (DME) list [5].
Pairing Algorithm
The ADE Eval scorer is a general-purpose scorer which can be configured in a wide variety of ways to support a range of scoring metrics. It relies crucially on the notions of mention attributes and mention pairs. 
Mention attributes are any relevant feature of a mention which can be compared. In the ADE Eval, the relevant attributes are the span information (i.e., the starting character offsets and the span lengths) and the MedDRA® information; the category is not compared because only one category (namely, OSE_Labeled_AE) is considered during scoring, and the reasons are not compared because the performers are not asked to provide them.
The pairing process uses these attributes to partition the gold and submission mentions into four groups:
· exact match mention pairs, which are pairs of gold and submission mentions where the spans of the gold and submission mentions are identical, and the submission MedDRA® PT code is among the gold mention MedDRA® PT codes;
· inexact match mention pairs, which are pairs of gold and submission mentions which overlap in span, but which either do not match exactly in span, do not match in MedDRA® PT code, or both;
· missing gold mentions, which have no submission counterpart;
· spurious submission mentions, which have no gold counterpart.
The remainder of this section describes the pairing process.
[bookmark: _Ref5178835]The span information is privileged, and determines the candidate mention pairs. Each mention has an overall character offset interval. For a non-discontinuous mention, this is simply the start and end character offsets; for a discontinuous mention, it is the start offset of its first subspan and the end offset of its last subspan. A gold and submission mention may be paired with each other only if their overall character offset intervals overlap. More complex situations are illustrated in Supplementary Figure B‑1, which shows four examples of overlapping gold mentions (in gold) and submission mentions (in gray), where discontinuous annotations are indicated with dotted lines between their subspans.
[image: ]
[bookmark: _Ref27029227]Supplementary Figure B‑1: Examples of Overlap
Example (a) shows a single continuous gold mention overlapping with two continuous submission mentions. Example (b) shows two continuous gold mentions overlapping with a single discontinuous submission mention. Example (c) shows two gold mentions, one continuous and one discontinuous, both overlapping with a single continuous submission mention. Finally, example (d) shows an overlap case where the gold mention's overall character offset interval is between the discontinuous subspans of the submission mention, but overlapping with the overall character offset interval of the submission mention (defined by the start index of the leftmost subspan and the end index of the rightmost subspan).
Once the scorer determines the overlap relationships, it attempts to create mention pairs. The simplest case is one in which a gold and submission mention overlap with each other, but with no other mentions, as in example (d) above; these two annotations form a mention pair. However, the other three examples in Supplementary Figure B‑1 are not that simple; the corpus for the ADE Eval includes many gold annotations which overlap with each other, and presents many opportunities for submission mentions to overlap with multiple gold mentions, and vice versa. In these cases, the scorer creates a set of all the possible mention pairs, and uses a standard set alignment algorithm (the Kuhn-Munkres, or Hungarian, algorithm) to compute the best pairing based on a measure of mention pair similarity. This metric computes the similarity of each candidate pair as a value between 0 and 1, where 80% of the value is determined by the overlap percentage (essentially, the size of the intersection of the character offsets divided by the union of the offsets), and 20% by MedDRA® code match (i.e., 0.2 if the submission mention MedDRA® PT is among the gold mention MedDRA® PTs, and 0 otherwise). MITRE chose the similarity metric to embody the intuition that overlap should dominate the pairing, but MedDRA® similarity should have some effect, but allowing it to dominate would give too much "credit" to the submission for detecting evidence for that MedDRA® code. The behavior of this algorithm is illustrated in three detailed examples, shown in Supplementary Figure B‑2.

[image: ]
[bookmark: _Ref27029303]Supplementary Figure B‑2: Similarity Metric Examples
Example (1). In the gold standard, mention A extends from character 20 to character 30, and mention B from character 40 to character 50, and the submission contains a mention C which overlaps with both of them, from character 28 to character 48, and matches the MedDRA® code for mention B.
The overlap percentage between A and C is the number of common character offsets (2) divided by the size of the union of the character offsets (in other words, the length of the overall span: 48 - 20 = 28). The MedDRA® codes do not match, so the similarity is (0.8 * (2/28)) = 0.06 (approximately). The overlap percentage between B and C is 8/(50 - 28), and the MedDRA® codes match, so the similarity is (0.8 * (8/22)) + 0.2 = 0.49 (approximately), so B and C are a mention pair, and A is unpaired.
Example (2). In the gold standard, mention A extends from character 20 to character 30, and mention B from character 40 to character 50, and the submission contains a mention C which overlaps with both of them, from character 25 to character 45, and its MedDRA® code matches that of mention A.
The overlap percentage between A and C is 5/(45 - 20), and the MedDRA® codes match, so the similarity is (0.8 * 0.2) + 0.2 = 0.36. The overlap percentage between B and C is the same, but the MedDRA® codes do not match, so the similarity is 0.16, so A and C are a mention pair, and B is unpaired.
Example (3). In the gold standard, Mention A is continuous one from character 20 to character 35, and mention B is discontinuous with the character intervals 20-28 and 38-45, and the submission contains a mention C from character 20 to character 28, and its MedDRA® code matches that of mention A.
The overlap percentage between A and C is 8/15, and the MedDRA® codes match, so the similarity is 0.63 (approximately). The overlap percentage between B and C is the same, and the MedDRA® codes do not match, so the similarity is 0.43 (approximately), so A and C are a mention pair, and B is unpaired.






Results: Supplementary Material
[bookmark: _Ref27049691][bookmark: _Ref8122827][bookmark: _Toc8292336]Supplementary Table C‑1: ADE Eval Approaches
	Team
	Mention finding approach
	MedDRA® coding approach

	BetaResearch
	Submission 1: Dictionary lookup on MedDRA® terms + Bi-LSTM (bidirectional long short-term memory) classifier as filter (using word embeddings generated from full DailyMed); submission 2: Bi-LSTM from submission 1 + MedDRA® LLT IR (information retrieval) search as filter
	Side effect of mention finding

	CONDL
	Table regions identified; Bi-LSTM + CRF (conditional random field) with word, character, case embeddings (character embeddings generated from PubMed); submissions vary in training iterations
	Dictionary- and rule-based normalization

	GMU-VCU-VASaltLake
	Ensemble on GMU_VASALTLAKE + NLP@VCU using union
	Not specified

	GMU_VASALTLAKE
	Bi-LSTM + CRF (token embeddings pre-trained on Wikipedia, PubMed Central and PubMed); discontinuities handled by merging before training/decoding and separating in a post-process; one submission includes further post-processing to identify mentions describing medication errors
	Bi-LSTM on Concept Unique Identifiers (CUIs) from the Unified Medical Language System (UMLS) which map to MedDRA® (word embeddings trained on UMLS CUI descriptions)

	JHU
	ETHER system (rule-based) + table processing component + exclusion rules based on sentence trigger words (e.g., animal testing)
	MedDRA® PT/LLT search

	Linguamatics
	I2E system (ontology-based indexing and querying) + synonym expansion and query extensions; mentions found by querying the index; baseline submission uses simpler queries
	Side effect of mention finding

	MC-UC3M
	Bi-LSTM (character, word, sense, part-of-speech) + CRF, with word embeddings trained on PubMed, PMC and Wikipedia, and custom labeling scheme for discontinuities; submission 1 discards nested entities and submission 2 does not
	Not specified

	MayoNLPTest
	Table detection and special processing; sentence classification for relevance using deep learning ensemble + dictionary lookup based on UMLS, MedDRA® PTs (both submissions) and ADE Eval training data (only in submission 1)
	Side effect of mention finding

	MelaxNLP
	Ensemble of Bi-LSTM + CRF with special handling for disjoint entities, plus Bidirectional Encoder Representations from Transformers (BERT) encodings tuned using ADE Eval training data; Bi-LSTM word embeddings generated from TAC ADR test set; submission 1 emphasizes precision, and submission 2 emphasizes recall
	IR-based retrieval of candidates with multiple ranking strategies

	NLP@VCU
	CRF using syntactic, semantic and domain features (e.g., table context)
	Lookup table based on UMLS CUIs

	NaCTeM
	Bi-LSTM + ELMo (Embeddings from Language Models)
	Rules + fuzzy matching (HYPHEN submission); Bi-LSTM using word embeddings generated from full DailyMed (Neural submission)

	UMLBioNLP
	Bi-LSTM (word and character features) + ELMo + CRF, using custom labeling scheme for discontinuities; word embeddings trained on clinical notes, FAERS reports, DrugBank, DailyMed, PubMed, and others; submissions differ in randomly selected initial seeds
	Ensemble of rule-based fuzzy matching; neural similarity; neural classification

	UPennHLP
	Unsupervised submission uses MedDRA® LLTs to generate patterns; supervised submission is bidirectional recurrent neural network (RNN) + CRF using custom labeling scheme for discontinuities, using features generated by the unsupervised submission
	Side effect of unsupervised mention finding; supervised submission uses index search + neural classification using word embeddings generated from the test set


[bookmark: _Ref27050011]Mention Finding: Additional Analysis
Supplementary Table C‑2 shows the error breakdown, by type, for each ADE Eval run. An examination of this table illustrates the different approaches that the individual systems took. The CONDL runs, for instance, were extremely conservative in what they produced; they show small numbers of clash and spurious errors and comparatively large numbers of missing errors. In terms of the weighted exact match metric, this is a relatively costly strategic choice, since missing errors are the most expensive type of error under the weighting. The MelaxNLP systems and UMLBioNLP runs, on the other hand, are among the lowest in missing errors, and are among the highest-performing runs in weighted exact match. Spurious errors, on the other hand, are the least expensive type of error, and some runs with relatively high numbers of spurious errors, such as the Linguamatics AEs run, were still able to achieve one of the higher weighted exact match F1 scores by limiting other error types.


[bookmark: _Ref27050121]Supplementary Table C‑2: ADE Eval Error Breakdown by Type
	Team and run
	Match
	Span clash
Only
	MedDRA®
clash
only
	Both clash
	Spurious
	Missing

	BetaResearch Submission1
	12564
	930
	67
	1137
	1961
	4822

	BetaResearch Submission2
	13761
	603
	954
	1547
	3057
	2655

	CONDL CONDL_E19
	13160
	170
	12
	116
	937
	6062

	CONDL CONDL_E46
	13278
	163
	13
	82
	1082
	5984

	GMU_VASALTLAKE submission_run1
	13171
	411
	576
	535
	4075
	4827

	GMU_VASALTLAKE submission_run2_resubmission
	13687
	370
	651
	795
	5000
	4017

	GMU-VCU-VASaltLake ensemble
	13397
	420
	590
	539
	4188
	4574

	JHU JHU_System_Submission_1st_Run
	13350
	595
	30
	1317
	5381
	4228

	Linguamatics AEs
	15362
	1083
	115
	591
	7782
	2369

	Linguamatics Baseline
	15186
	1011
	145
	650
	12362
	2528

	MayoNLPTest test_sub_r1
	13150
	779
	803
	1574
	6749
	3214

	MayoNLPTest test_sub_r2
	11809
	664
	652
	1749
	6646
	4646

	MC-UC3M run1 MC-UC3M fixed
	12163
	274
	3529
	600
	3790
	2954

	MC-UC3M run2 MC-UC3M fixed
	12031
	210
	3396
	565
	3279
	3318

	MelaxNLP run1_submission
	15759
	668
	494
	398
	1738
	2201

	MelaxNLP run2_submission
	15915
	717
	513
	500
	2456
	1875

	NaCTeM Run1_HYPHEN
	14677
	305
	918
	333
	1434
	3287

	NaCTeM Run2_Neural
	8797
	199
	6798
	439
	1434
	3287

	NLP@VCU test_submission
	3562
	48
	184
	22
	367
	15704

	UMLBioNLP submission1
	15292
	620
	715
	425
	1757
	2468

	UMLBioNLP submission2
	15804
	642
	731
	458
	2071
	1885

	UPennHLP Run1_unsupervised
	14080
	772
	20
	1712
	13900
	2936

	UPennHLP Run2_supervised
	14601
	1232
	420
	1729
	5730
	1538



Following Chinchor [6] we sorted the system runs by F1, and performed significance testing to determine which systems were significantly different from one another. Also following Chinchor, we selected a significance threshold of 0.1; when the significance level of a pair of F1 scores exceeded this threshold, that pair of scores was not shown to be different from each other, and those two systems were placed in an equivalence class. Supplementary Table C‑3 shows the system run equivalence classes that this method produces.
[bookmark: _Ref27050261]Supplementary Table C‑3: Equivalence Classes of Submission Runs, Exact Mention Match (Weighted)
F1, 0.1 Significance Threshold
	Run
	F1
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	MelaxNLP_run2_submission
	0.8883
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	UMLBioNLP_submission2
	0.8876
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	MelaxNLP_run1_submission
	0.8874
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	UMLBioNLP_submission1
	0.8739
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	NaCTeM_Run1_HYPHEN
	0.856
	
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Linguamatics_AEs
	0.8419
	
	
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	UPennHLP_Run2_supervised
	0.8369
	
	
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	BetaResearch_Submission2
	0.8244
	
	
	
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Linguamatics_Baseline
	0.8125
	
	
	
	
	
	x
	
	
	
	
	
	
	
	
	
	
	
	
	

	GMU_VASALTLAKE_submission_run2_resubmission
	0.8047
	
	
	
	
	
	x
	x
	x
	
	
	
	
	
	
	
	
	
	
	

	CONDL_CONDL_E46
	0.8046
	
	
	
	
	
	x
	
	x
	x
	x
	
	
	
	
	
	
	
	
	

	CONDL_CONDL_E19
	0.8015
	
	
	
	
	
	
	
	x
	x
	x
	
	
	
	
	
	
	
	
	

	GMU-VCU-VASaltLake_ensemble
	0.7981
	
	
	
	
	
	
	
	
	
	x
	x
	
	
	
	
	
	
	
	

	JHU_JHU_System_Submission_1st_Run
	0.7922
	
	
	
	
	
	
	x
	
	
	
	x
	x
	
	
	
	
	
	
	

	GMU_VASALTLAKE_submission_run1
	0.7909
	
	
	
	
	
	
	
	
	x
	
	
	x
	x
	
	
	
	
	
	

	BetaResearch_Submission1
	0.7855
	
	
	
	
	
	
	
	
	
	
	x
	x
	x
	x
	
	
	
	
	

	MayoNLPTest_test_sub_r1
	0.7852
	
	
	
	
	
	
	
	
	
	
	x
	x
	x
	
	
	
	
	
	

	MC-UC3M_run1 MC-UC3M fixed
	0.7758
	
	
	
	
	
	
	
	
	
	
	
	
	x
	
	x
	
	
	
	

	UPennHLP_Run1_unsupervised
	0.7748
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	x
	x
	
	
	

	MC-UC3M_run2 MC-UC3M fixed
	0.7726
	
	
	
	
	
	
	
	
	
	
	
	
	
	x
	
	x
	
	
	

	MayoNLPTest_test_sub_r2
	0.7401
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	x
	
	

	NaCTeM_Run2_Neural
	0.6931
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	x
	

	NLP@VCU_test_submission
	0.3149
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	x



Each column to the right of the F1 column represents an equivalence class; e.g., MelaxNLP_run2_submission, UMLBioNLP_submission2, and MelaxNLP_run1_submission form the best-performing equivalence class in this table.
Note that submission runs can participate in more than one equivalence class. E.g., UPennHLP_Run1_unsupervised is in multiple equivalence classes; it is statistically indistinguishable from MC-UC3M_run1 MC-UC3M fixed (in the row above it in the table), and also statistically indistinguishable from MC-UC3M_run2 MC-UC3M fixed (in the row below it in the table). However, the two MC-UC3M runs are statistically distinct, and cannot be in an equivalence class with each other, which forces the UPenn run into two distinct equivalence classes. Also, counterintuitively, these equivalence classes do not require all submission run members to be adjacent to each other when the runs are ordered by F1; this phenomenon is also observed in Chinchor [6].
MedDRA® Coding: Additional Analysis
[bookmark: _Ref27050521]Supplementary Table C‑4: Equivalence Classes of Submission Runs, MedDRA® Retrieval F1, 0.1 Significance Threshold
	Run
	F1
	
	
	
	
	
	
	
	
	
	
	

	MelaxNLP_run1_submission
	0.7902
	x
	
	
	
	
	
	
	
	
	
	

	MelaxNLP_run2_submission
	0.788
	x
	
	
	
	
	
	
	
	
	
	

	UMLBioNLP_submission2
	0.7596
	
	x
	
	
	
	
	
	
	
	
	

	UMLBioNLP_submission1
	0.7503
	
	x
	
	
	
	
	
	
	
	
	

	NaCTeM_Run1_HYPHEN
	0.702
	
	
	x
	
	
	
	
	
	
	
	

	Linguamatics_AEs
	0.6972
	
	
	x
	
	
	
	
	
	
	
	

	UPennHLP_Run2_supervised
	0.6492
	
	
	
	x
	
	
	
	
	
	
	

	Linguamatics_Baseline
	0.6392
	
	
	
	x
	x
	
	
	
	
	
	

	CONDL_CONDL_E46
	0.6349
	
	
	
	x
	
	
	
	
	
	
	

	CONDL_CONDL_E19
	0.6258
	
	
	
	x
	x
	
	
	
	
	
	

	BetaResearch_Submission1
	0.6089
	
	
	
	
	x
	x
	
	
	
	
	

	BetaResearch_Submission2
	0.6005
	
	
	
	
	
	x
	
	
	
	
	

	MayoNLPTest_test_sub_r1
	0.5881
	
	
	
	
	
	x
	
	
	
	
	

	JHU_JHU_System_Submission_1st_Run
	0.5818
	
	
	
	
	
	x
	
	
	
	
	

	MC-UC3M_run1 MC-UC3M fixed
	0.5297
	
	
	
	
	
	
	x
	
	
	
	

	UPennHLP_Run1_unsupervised
	0.5284
	
	
	
	
	
	
	x
	x
	
	
	

	MayoNLPTest_test_sub_r2
	0.5202
	
	
	
	
	
	
	x
	x
	
	
	

	MC-UC3M_run2 MC-UC3M fixed
	0.5083
	
	
	
	
	
	
	
	x
	x
	
	

	GMU-VCU-VASaltLake_ensemble
	0.5044
	
	
	
	
	
	
	x
	x
	
	
	

	NaCTeM_Run2_Neural
	0.4975
	
	
	
	
	
	
	
	x
	x
	x
	

	GMU_VASALTLAKE_submission_run1
	0.476
	
	
	
	
	
	
	
	
	x
	x
	

	GMU_VASALTLAKE_submission_run2_resubmission
	0.4708
	
	
	
	
	
	
	
	
	
	x
	

	NLP@VCU_test_submission
	0.2201
	
	
	
	
	
	
	
	
	
	
	x



The significance of differences between systems in overall F1 score in MedDRA® coding were assessed using the same method used for mention finding in Supplementary Section C.1: sorting the system runs by F1 score, and performing significance testing to determine which neighboring scores were significantly different from one another [6], again using a significance threshold of 0.1. Supplementary Table C‑4 shows the system run equivalence classes that this method produces. As in Supplementary Table C‑3, each column to the right of the F1 column represents an equivalence class.
[bookmark: _Ref28015963]Mention Reasons and Confusability: Additional Resources
As described in Section 4.5, to explore the possible ways that submission runs might confuse OSE-relevant and OSE-nonrelevant ADEs, we applied the ADE Eval pairing algorithm again to all submissions, but this time targeted the unscored gold-standard NonOSE_AE or Not_AE_Candidate mentions in the gold-standard test corpus instead of the OSE_Labeled_AE mentions which represent the true mentions of interest. Supplementary Table C‑5 shows the confusability data for these two additional categories, for each reason associated with one of these gold-standard categories.
[bookmark: _Ref27730193]Supplementary Table C‑5: Confusability Statistics for Spurious Mentions
	Category
	Reason
	Total
Gold-Standard Mentions
	Gold-Standard Mentions Paired with Spurious
	Average Runs per Paired
Gold-Standard Mention

	NonOSE_AE
	AE_animal
	146
	72
	1.96

	NonOSE_AE
	AE_for_another_drug_in_class
	32
	24
	5.91

	NonOSE_AE
	AE_from_drug_interaction
	400
	345
	5.19

	NonOSE_AE
	AE_from_off_label
	148
	124
	6.34

	NonOSE_AE
	AE_only_as_instruction
	4160
	2919
	3.49

	NonOSE_AE
	AE_rate_lteq_placebo
	302
	263
	8.77

	NonOSE_AE
	OD_or_withdrawal
	283
	266
	6.59

	NonOSE_AE
	general_term
	2511
	1281
	1.89

	NonOSE_AE
	manifestation_or_complication
	1338
	1108
	5.06

	NonOSE_AE
	negation
	331
	226
	3.38

	NonOSE_AE
	other
	11
	9
	4.64

	Not_AE_Candidate
	contraindication
	108
	63
	2.61

	Not_AE_Candidate
	indication
	1884
	1371
	2.71

	Not_AE_Candidate
	preexisting_condition_or_risk_factor
	2284
	1494
	2.71

	Not_AE_Candidate
	other
	6
	6
	2.29



For each reason associated with each unscored ADE Eval category, this table shows the total number of gold-standard mentions, the number of those mentions which this analysis pairs with a spurious mention in at least one submission run, and the average number of submission runs which provides a pair for each mention. There are five reasons, shown in bold, all reasons of NonOSE_AE, for which more than 75% of the total mentions in the gold standard were paired with a spurious mention in at least one run, and these runs also feature the highest average number of runs which provide a pair. These are the reasons which the submission runs, together, found hardest to distinguish from scoreable OSE ADEs.
It is worth noting that there is a considerable overlap between the reasons which are most frequently confused in this analysis and the reasons whose mentions have the most diverse mapping to TAC ADR (some positive, some nonpositive, and some not occurring at all; see  Supplementary Table B‑4). Understanding the significance of this correspondence will require further investigation. 
[bookmark: _Ref28615011]Sources of Error in Mention Discovery
The analysis of missed mentions focuses on errors that were committed by the seven best-performing systems. It is expected that these errors provide insight into the most difficult ADE mention detection and normalization issues. 
There are 19,520 mentions annotated as OSE_Labeled_AE in the test set. Supplementary Table C‑6 shows how many ADE mentions were missed in each section type by different numbers of systems. Across the test set, 219 ADE phrasal mentions (0.011) were missed by all seven of the best performing systems. These adverse events exhibited a variety of linguistic and formatting characteristics that challenge automatic detection discussed in the remainder of this section.
[bookmark: _Ref27050987]Supplementary Table C‑6: Adverse Event Mentions Missed by Top Systems
	Section
	Gold Annots
	Missed by 7 Systems
	Missed by 6 Systems
	Missed by 5 Systems
	Missed by 4 Systems
	Missed by 3 Systems
	Missed by 2 Systems
	Missed by 1 System

	
	
	Count
	Fraction
	Count
	Fraction
	Count
	Fraction
	Count
	Fraction
	Count
	Fraction
	Count
	Fraction
	Count
	Fraction

	Adverse Reactions
	15,055
	75
	0.005
	143
	0.009
	237
	0.016
	313
	0.021
	506
	0.034
	1011
	0.067
	2639
	0.175

	Boxed Warnings
	316
	20
	0.063
	34
	0.108
	30
	0.095
	39
	0.123
	43
	0.136
	44
	0.139
	65
	0.206

	Warnings and Precautions
	3,880
	99
	0.026
	211
	0.054
	257
	0.002
	364
	0.002
	426
	0.002
	486
	0.003
	859
	0.004

	Warnings
	73
	3
	0.041
	10
	0.137
	9
	0.123
	6
	0.082
	8
	0.110
	13
	0.178
	15
	0.205

	Precautions
	196
	22
	0.112
	19
	0.097
	22
	0.112
	14
	0.071
	33
	0.168
	21
	0.107
	22
	0.112

	Total
	19,520
	219
	0.011
	417
	0.021
	555
	0.028
	736
	0.038
	1016
	0.052
	1575
	0.081
	3600
	0.184



Lexical Coverage
Mental health and behavioral descriptors were frequently missed by all seven systems. Although names for major disorders were often recognized, terms for finer distinctions were often missed.  Examples are intense urges to spend money, intense urges to gamble. Substance abuse terms including addiction, abuse, misuse, and withdrawal, were often missed.
ADEs related to neonatal or fetal death and injury (e.g., death to the developing fetus, teratogenicity) were often missed, as were terms related to immunoreactivity and antibodies (e.g., positive for antibodies to AVONEX, antibody development).
ADEs naming device-related events (e.g., embedment, expulsion) were also frequently missed. 
Formatting and Character Issues
Laboratory and other test results reported as numerical expression were frequently missed, especially those that contained >= or >=. Many missed numerical expressions were expressed in discontinuous phrases and in tables, but some occurred in continuous narrative text and table captions. 
Lexical items not bounded by space characters or sentence punctuation were frequently missed by all seven systems.  For example, the term asthma was recognized as a free-standing term but not when it appeared in the hyphenated compound asthma-related, and so instances of asthma-related death were not detected. The process of table conversion appears to have removed space characters between some words, leaving them merged and not detectable by any of the systems (e.g., Urinary tract infectionUrinary retentionHematuria.)
Morphological Variation, Phrasal Variation and Discontinuous Mentions
The difference between singular and plural forms appears to matter in some instances.  For example, although accidental exposure was matched by several systems elsewhere, the plural accidental exposures was missed by seven systems in the following sentence:
Improper disposal of DURAGESIC in the trash has resulted in accidental exposures and deaths.
(In this example, as well as subsequent examples, the annotated portion of the text is in bold and highlighted with a gray background.) In some cases, the verb-based member of semantically equivalent ADE phrases was consistently missed.  For examples, weaken neck muscles was missed by all seven systems although muscular weakness was found by all seven systems.[footnoteRef:3] This difference may be attributable to the fact that names are in general likely easier to detect than descriptions, which often consist of predicates whose key terms are discontinuous. In this dataset, X impairment and impairment of X were matched more frequently than impair X.  Renal impairment was matched by seven systems, impairment of renal function matched by six, but impair X, which occurred only in discontinuous mentions, was not matched by any of the seven systems:  [3:  Note that weakening of muscles, a form that exhibits both verbal and nominal characteristics, was missed by six systems.] 

BUTRANS may impair the mental and physical abilities needed to perform potentially hazardous activities such as driving a car or operating machinery
The gold standard contains four discontinuous OSE_Labeled_AE mentions for this sentence:  impair the mental...abilities (PT= Performance status decreased), impair...physical abilities (PT= Performance status decreased), impair...driving a car (PT = Impaired driving ability), and impair...operating machinery (PT=Impaired ability to use machinery). All seven systems missed impair...physical abilities, impair...driving a car, and impair...operating machinery. Four systems missed impair the mental...abilities, while one system extracted mental (PT = Confusional state), another extracted impair the mental (PT = Mental impairment), and a third extracted impair the mental and physical abilities needed to (PT = Physical disability).
Medication Errors
ADE mentions that describe medication errors were frequently missed by all seven systems. As can be seen in the following examples, these mentions tend to be longer than the average length of ADE mentions in the gold corpus. Furthermore, because they are descriptive, they are less likely to be repeated with the same wording throughout the corpus; consequently, they pose a challenge for statistical training. Finally, since these mentions typically describe instances of behavior while their associated preferred terms name a class of behaviors, they may have few to no terms in common with the PT, and this makes automated MedDRA® coding difficult. Note that the PTs for the following examples, Wrong technique in product usage process, Product substitution error, and Dose calculation error, respectively, have almost no words in common with the ADE text with which they are associated:
Exposure of the DURAGESIC application site and surrounding area to direct external heat sources, such as heating pads…
Cases of severe hepatic toxicity, including fulminant hepatic necrosis, have occurred in patients who have substituted sustained-release (modified-release, timed-release) niacin products for immediate-release (crystalline) niacin at equivalent doses
Overestimating the DURAGESIC dosage when converting patients from another opioid product can result in fatal overdose with the first dose.
It is worthy of note that (1) detection accuracy was better for medication errors that exhibited more overlap with the corresponding MedDRA® PT, and (2) lengthy descriptions such as the examples above were only present in the test set; there were no such examples in the training data.
[bookmark: _Ref28080172]Discontinuous Mentions
Of the 219 mentions that were missed by all seven best performing systems, 79 were discontinuous (0.36). The issues encountered in processing three examples found in the ADE Eval test corpus are instructive.
First, we consider a simple example: the phrase Suicidal Thoughts and Behaviors. In this example, there are two OSE_Labeled_AE mentions: one for Suicidal Thoughts (a continuous mention), and one for Suicidal...Behaviors (a discontinuous mention). These two mentions provide evidence for different MedDRA® codes and are distinguished in the gold standard for this reason. This phrase occurs multiple times in the gold standard corpus. In one of these locations, three systems (MelaxNLP_run2_submission, UMLBioNLP_submission2, and UPennHLP_Run2_supervised) were able to match Suicidal...Behaviors and map it to the correct PT, and four systems missed it. (Suicidal Thoughts was matched by five systems and missed by two.)
Another  simple example is the phrase cognitive and motor impairment. In this example, there are two OSE_Labeled_AE mentions: one for motor impairment (a continuous mention), and one for cognitive...impairment (a discontinuous mention). This phrase also occurs multiple times in the gold standard corpus. In one of its locations, only one system, UMLBioNLP_submission2, matched both Cognitive...Impairment and Motor Impairment.  This system provided one correct PT (Cognitive disorder) but mapped Motor Impairment to Motor dysfunction instead of Psychomotor skills impaired.  Three systems matched Cognitive alone, one system extracted matched Cognitive and Motor Impairment as a single ADE, and two systems provided no annotation for Cognitive.
Finally, consider the following sentence excerpt, in which dryness  is distributed across 5 descriptions of adverse reactions:
… dryness of the skin and mucous membranes, e.g., of the lips, nasal passage, and eyes …
This phrase contains five OSE_Labeled_AE mentions:  dryness of the skin (PT=Dry skin), dryness of the…mucous membranes(PT=Mucosal dryness), dryness of the…lips (PT=Dryness of lips), dryness of the…nasal passage (PT=Nasal dryness), and dryness of the…eyes (PT=Dry eye). The first of these mentions is continuous; the remainder are discontinuous. All five mentions overlap with each other. 
For this example, all seven systems missed dryness of the...lips and dryness of the...nasal passage. Six systems missed dryness of the skin, dryness of the...mucous membranes, and dryness of the...lips. One system matched the span dryness of the skin but normalized it to the wrong PT (Skin infection); the same system matched the span dryness...mucous membranes and normalized it to the wrong PT (Skin candida) and matched eyes and normalized it incorrectly to Eye disorder.
Multiple sites (GMU_VASALTLAKE, MC-UC3M, MelaxNLP, UMLBioNLP, UPennHLP) discussed their special handling for discontinuous mentions. In some cases, the approach was rule-based (GMU_VASALTLAKE, MelaxNLP), and in the remainder, a special expanded labeling scheme for CRF training/decoding was used. The impact of these different strategies is unclear, with the exception of the observation that the two best-performing systems both explicitly called out this special processing in their system descriptions.
As noted in Section 5.1, systems have tremendous difficulty with these phrases. Supplementary Table C‑7 compares the weighted exact mention match scores for that subset of gold and submission mentions that are continuous, the weighted exact mention match scores for that subset of gold and submission mentions that are discontinuous, and the unweighted exact mention match scores for the discontinuous subset. The unweighted scores, which do not assign partial credit for overlap, show that only five submission runs, from three sites, recovered any discontinuous mentions at all; and of those, the best (unweighted) F1 score on discontinuities is 0.25. The weighted scores, on the other hand, suggest that for the ADE Eval mention scoring, the impact of the discontinuous phrases is limited, since the best weighted F1 score on discontinuities from a system which recovered discontinuous mentions is 0.49, which is not too much better than the best weighted discontinuous F1 score from a system which recovered no discontinuous mentions (0.41). However, the overlap between the five systems which at least tried to produce discontinuous mentions and the best systems shown in Supplementary Table C‑3 implies that paying attention to these phrases makes a difference, however slight, for achieving high performance.
[bookmark: _Ref27051279]Supplementary Table C‑7: System Submission Scores for Continuous and Discontinuous Mentions, Ordered by Unweighted Discontinuous Exact Mention F1
	Team
	Run
	Exact mention match (continuous) - weighted (P/R/F1)
	Exact mention match (discontinuous) - unweighted (P/R/F1)
	Exact mention match (discontinuous) - weighted
(P/R/F1)

	UMLBioNLP
	submission2
	0.94 / 0.89 / 0.91
	0.29 / 0.21 / 0.25
	0.64 / 0.44 / 0.52

	UMLBioNLP
	submission1
	0.94 / 0.86 / 0.90
	0.27 / 0.19 / 0.22
	0.63 / 0.41 / 0.49

	MelaxNLP
	run1_submission
	0.94 / 0.89 / 0.91
	0.23 / 0.12 / 0.16
	0.61 / 0.29 / 0.39

	MelaxNLP
	run2_submission
	0.93 / 0.90 / 0.91
	0.20 / 0.12 / 0.15
	0.60 / 0.32 / 0.42

	UPennHLP
	Run2_supervised
	0.87 / 0.87 / 0.87
	0.10 / 0.13 / 0.11
	0.49 / 0.45 / 0.47

	Linguamatics
	Baseline
	0.81 / 0.87 / 0.84
	0.00 / 0.00 / 0.00
	0.50 / 0.22 / 0.30

	MC-UC3M
	run1 MC-UC3M fixed
	0.83 / 0.78 / 0.80
	0.00 / 0.00 / 0.00
	0.50 / 0.12 / 0.19

	GMU-VCU-VASaltLake
	ensemble
	0.89 / 0.77 / 0.83
	0.00 / 0.00 / 0.00
	0.50 / 0.13 / 0.21

	CONDL
	CONDL_E19
	0.98 / 0.73 / 0.83
	0.00 / 0.00 / 0.00
	0.50 / 0.04 / 0.07

	GMU_VASALTLAKE
	submission_run2_resubmission
	0.89 / 0.78 / 0.83
	0.00 / 0.00 / 0.00
	0.50 / 0.26 / 0.34

	Linguamatics
	AEs
	0.86 / 0.88 / 0.87
	0.00 / 0.00 / 0.00
	0.50 / 0.23 / 0.31

	BetaResearch
	Submission1
	0.91 / 0.73 / 0.81
	0.00 / 0.00 / 0.00
	0.50 / 0.21 / 0.30

	BetaResearch
	Submission2
	0.89 / 0.82 / 0.85
	0.00 / 0.00 / 0.00
	0.50 / 0.34 / 0.41

	MC-UC3M
	run2 MC-UC3M fixed
	0.83 / 0.77 / 0.80
	0.00 / 0.00 / 0.00
	0.50 / 0.10 / 0.16

	UPennHLP
	Run1_unsupervised
	0.77 / 0.82 / 0.80
	0.00 / 0.00 / 0.00
	0.50 / 0.25 / 0.33

	NLP@VCU
	test_submission
	0.95 / 0.20 / 0.33
	0.00 / 0.00 / 0.00
	0.50 / 0.01 / 0.02

	GMU_VASALTLAKE
	submission_run1
	0.90 / 0.75 / 0.82
	0.00 / 0.00 / 0.00
	0.50 / 0.13 / 0.21

	NaCTeM
	Run1_HYPHEN
	0.94 / 0.84 / 0.89
	0.00 / 0.00 / 0.00
	0.50 / 0.07 / 0.13

	MayoNLPTest
	test_sub_r2
	0.82 / 0.72 / 0.76
	0.00 / 0.00 / 0.00
	0.50 / 0.23 / 0.32

	MayoNLPTest
	test_sub_r1
	0.83 / 0.79 / 0.81
	0.00 / 0.00 / 0.00
	0.50 / 0.27 / 0.35

	CONDL
	CONDL_E46
	0.97 / 0.73 / 0.84
	0.00 / 0.00 / 0.00
	0.50 / 0.03 / 0.06

	JHU
	JHU_System_Submission_1st_Run
	0.87 / 0.77 / 0.82
	0.00 / 0.00 / 0.00
	0.50 / 0.18 / 0.27

	NaCTeM
	Run2_Neural
	0.76 / 0.68 / 0.72
	0.00 / 0.00 / 0.00
	0.50 / 0.07 / 0.13



Additional Analysis of Results
Mention and Coding Clashes
Supplementary Table C‑8 shows, for different numbers of systems, how many instances of MedDRA® codes were missed (either because the submission provided no mention, or it provided a mention with the wrong MedDRA® code). A total of 646 code instances were missed by all seven of the best-performing systems. As indicated in Supplementary Section C.4, 219 mentions were missed by all seven systems. The remaining 427 codes were missed by all seven systems even when at least part of the associated ADE phrasal span was detected. These cases are clashes.
[bookmark: _Ref28082019]Supplementary Table C‑8: MedDRA® Codes Missed by Multiple Teams
	Number of Teams that Missed
	Number of Codes

	7
	646

	6
	458

	5
	522

	4
	556

	3
	747

	2
	920

	1
	1929



Supplementary Table C‑9 shows instance where multiple systems generated the same clash. In other words, each of several systems extracted the same text span but this span did not match the span annotated in the gold corpus, or for other reasons did not generate a MedDRA® code that matched the MedDRA® code assigned in the gold corpus.
[bookmark: _Ref28082032]Supplementary Table C‑9: Clashes Generated by Multiple Systems
	Systems generating same clash
	Number of clashes

	7
	36

	6
	52

	5
	63

	4
	137

	3
	295

	2
	832


There were 36 instances in which all seven systems generated the same clash.  These are shown in Supplementary Table C‑10. Ellipses in the first column represent a discontinuous text span. 

[bookmark: _Ref27051073][bookmark: _Hlk29824355]Supplementary Table C‑10: Clashes Generated by Seven Systems
	Gold Text
	System Submission Text
	[bookmark: _Hlk29824399]Gold Difference With Submission
	Gold Preferred Term
	System Submission
Preferred Term
	Gold Difference With Submission

	Angina
	angina pectoris
	Less specific
	Angina pectoris
	Angina pectoris
	None[footnoteRef:4] [4:  Despite extensive quality control review of the gold annotated data, a small number of errors remain.] 


	bleeding ... of the gums
	bleeding
	More specific
	Gingival bleeding
	Haemorrhage
	Other difference

	"edema
	Edema
	Punctuation
	Oedema
	Oedema
	None

	severe headaches
	headaches
	More specific
	Headache
	Headache
	None

	eosinophilia ... myocarditis
	myocarditis
	More specific
	Eosinophilic myocarditis|Myocarditis
	Myocarditis
	None

	eosinophilia ... pancreatitis
	pancreatitis
	More specific
	Pancreatitis
	Pancreatitis
	None

	eosinophilia ... hepatitis
	hepatitis
	More specific
	Hepatic infiltration eosinophilic
	Hepatitis
	More specific

	eosinophilia ... colitis
	colitis
	More specific
	Colitis|Eosinophilic colitis
	Colitis
	None

	eosinophilia ... nephritis
	nephritis
	More specific
	Nephritis
	Nephritis
	None

	limb ... gangrene
	gangrene
	More specific
	Gangrene
	Gangrene
	None

	neuropathy ... sensory
	neuropathy
	More specific
	Neuropathy peripheral|Peripheral sensory neuropathy
	Neuropathy peripheral
	None

	Anorexia/Decreased Appetite
	Decreased Appetite
	More specific
	Decreased appetite
	Decreased appetite
	None

	pancreatitis associated with gallstones
	pancreatitis
	More specific
	Obstructive pancreatitis|Pancreatitis
	Pancreatitis
	None

	toxic epidermal necrolysis (TEN
	toxic epidermal necrolysis
	Punctuation+
	Toxic epidermal necrolysis
	Toxic epidermal necrolysis
	None

	Symptomatic hypocalcemia
	hypocalcemia
	More specific
	Blood calcium decreased|Hypocalcaemia
	Hypocalcaemia
	None

	injection-site ... Edema
	Edema
	More specific
	Injection site oedema
	Oedema
	More specific

	injection-site ... Erythema
	Erythema
	More specific
	Injection site erythema
	Erythema
	More specific

	[bookmark: _Hlk29824272]abdominal pain upper] [footnoteRef:5] [5:  Limitations in the annotation tool resulted in the inclusion of punctuation is some annotated elements.] 

	abdominal pain upper
	Punctuation
	Abdominal pain|Abdominal pain upper
	Abdominal pain upper
	None

	dyspnea exertional]
	dyspnea exertional
	Punctuation
	Dyspnoea exertional
	Dyspnoea exertional
	None

	peripheral edema]
	peripheral edema
	Punctuation
	Oedema|Oedema peripheral
	Oedema peripheral
	None

	anemia requiring transfusion
	anemia
	More specific
	Anaemia
	Anaemia
	None

	Injection Site ... Pain
	Pain
	More specific
	Injection site pain
	Pain
	More specific

	Pain ... headache
	Headache
	More specific
	Headache
	Headache
	None

	toxic epidermal necrolysis (TEN
	toxic epidermal necrolysis
	Punctuation+
	Toxic epidermal necrolysis
	Toxic epidermal necrolysis
	None

	acute infusion-related reactions
	infusion-related reactions
	More specific
	Infusion related reaction
	Infusion related reaction
	None

	Bronchitis
	bronchitis
	None
	Asthma
	Bronchitis
	Other difference[footnoteRef:6] [6:  Despite extensive quality control review of the gold annotated data, a small number of errors remain.] 


	sensory disturbances
	sensory disturbances
	None
	Cranial nerve disorder
	Sensory disturbance
	Other difference

	GERD/reflux esophagitis
	reflux esophagitis
	More specific
	Gastrooesophageal reflux disease
	Gastrooesophageal reflux disease
	None

	bleeding events
	bleeding
	More specific
	Haemorrhage
	Haemorrhage
	None

	bleeding events
	bleeding
	More specific
	Haemorrhage
	Haemorrhage
	None[footnoteRef:7] [7:  This row and the preceding row represent two different mentions of bleeding events, generating two clashes.] 


	myocardial ... ischemia
	Ischemia
	More specific
	Myocardial ischaemia
	Ischaemia
	More specific

	peripheral ... paresthesias
	paresthesias
	More specific
	Paraesthesia
	Paraesthesia
	None

	non-anion gap, metabolic acidosis
	metabolic acidosis
	More specific
	Metabolic acidosis
	Metabolic acidosis
	None

	"Respiratory Tract Infection"
	Respiratory Tract Infection
	Punctuation
	Respiratory tract infection
	Respiratory tract infection
	None

	Persistence of sinus tachycardia
	sinus tachycardia
	More specific
	Sinus tachycardia
	Sinus tachycardia
	None

	secondary ... hypo ... thyroidism
	Hypothyroidism
	More specific + space
	Hypothyroidism|Secondary hypothyroidism
	Hypothyroidism
	None



[bookmark: _Toc8292151][bookmark: _Ref31731649]Comparison of Scores with TAC ADR
A subset of the TAC ADR performers provided to MITRE the system outputs they submitted to the TAC ADR evaluation. In those cases where the dependencies between the MedDRA® code results in TAC ADR Tasks 3 and 4 and the mention finding results in TAC ADR Task 1 could be reliably reconstructed, MITRE was able to translate the TAC ADR submission into a virtual ADE Eval submission. MITRE then scored these virtual submissions using the ADE Eval scorer. These results are shown in Supplementary Table C‑11.

[bookmark: _Ref27751326]Supplementary Table C‑11: Converted TAC ADR Submissions (ADE Eval Metrics)
	Team
	Run
	Mentions - exact match, weighted (P/R/F1)
	MedDRA® coding - macro-averaged by section (P/R/F1)
	Quality

	CHOP
	1
	0.81 / 0.44 / 0.57
	0.61 / 0.39 / 0.42
	0.84

	CONDL
	2
	0.83 / 0.75 / 0.79
	0.58 / 0.69 / 0.59
	0.82

	CONDL
	3
	0.83 / 0.75 / 0.79
	0.58 / 0.69 / 0.59
	0.82

	MC_UC3M
	1
	0.81 / 0.69 / 0.75
	0.54 / 0.66 / 0.56
	0.83

	UTH_CCB
	1
	0.90 / 0.81 / 0.85
	0.68 / 0.74 / 0.68
	0.91

	UTH_CCB
	2
	0.88 / 0.84 / 0.86
	0.66 / 0.78 / 0.69
	0.88

	UTH_CCB
	3
	0.89 / 0.83 / 0.86
	0.68 / 0.77 / 0.69
	0.9



It is important to emphasize that while the metrics shown here are ADE Eval metrics, the test corpus in question is not the ADE Eval test corpus, but rather the TAC ADR test corpus. Ideally, there would be a comparable intersection of these two corpora for which a direct comparison could be made; however, MITRE intentionally did not include any TAC ADR test documents in the ADE Eval test set (because the participants already had seen these documents).
Among the teams listed in Supplementary Table C‑11, there are three which also participated in ADE Eval: CONDL, MC_UC3M (as MC-UC3M) and UTH_CCB (as MelaxNLP). Supplementary Table C‑12 recapitulates the relevant runs from Supplementary Table C‑11 and compares them to the corresponding ADE Eval runs from Table 4‑1.
[bookmark: _Ref27751422]Supplementary Table C‑12: Comparison of TAC ADR and ADE Eval Submissions
	Team
	Run and Source
	Mentions - exact match, weighted (P/R/F1)
	MedDRA® coding - macro-averaged by section (P/R/F1)
	Quality

	CONDL
	2 (TAC ADR)
	0.83 / 0.75 / 0.79
	0.58 / 0.69 / 0.59
	0.82

	CONDL
	3 (TAC ADR)
	0.83 / 0.75 / 0.79
	0.58 / 0.69 / 0.59
	0.82

	CONDL
	CONDL_E19 (ADE Eval)
	0.97 / 0.68 / 0.80
	0.89 / 0.55 / 0.63
	0.96

	CONDL
	CONDL_E46 (ADE Eval)
	0.97 / 0.69 / 0.80
	0.87 / 0.56 / 0.63
	0.95

	MC_UC3M
	1 (TAC ADR)
	0.81 / 0.69 / 0.75
	0.54 / 0.66 / 0.56
	0.83

	MC-UC3M
	run1 MC-UC3M fixed (ADE Eval)
	0.82 / 0.74 / 0.78
	0.58 / 0.53 / 0.53
	0.92

	MC-UC3M
	run2 MC-UC3M fixed (ADE Eval)
	0.83 / 0.72 / 0.77
	0.58 / 0.50 / 0.51
	0.93

	UTH_CCB
	1 (TAC ADR)
	0.90 / 0.81 / 0.85
	0.68 / 0.74 / 0.68
	0.91

	UTH_CCB
	2 (TAC ADR)
	0.88 / 0.84 / 0.86
	0.66 / 0.78 / 0.69
	0.88

	UTH_CCB
	3 (TAC ADR)
	0.89 / 0.83 / 0.86
	0.68 / 0.77 / 0.69
	0.9

	MelaxNLP
	run1_submission (ADE Eval)
	0.93 / 0.85 / 0.89
	0.83 / 0.79 / 0.79
	0.93

	MelaxNLP
	run2_submission (ADE Eval)
	0.92 / 0.86 / 0.89
	0.80 / 0.81 / 0.79
	0.92



This comparison shows that MelaxNLP improved its mention finding scores somewhat in the ADE Eval, but that CONDL performed quite differently, achieving a much, much higher precision score, and a notably lower recall score. MC-UC3M also improved their mention finding a small amount.
With regard to MedDRA® retrieval, MelaxNLP improved their scores by a significant margin (from 0.69 to 0.78); CONDL, less so; and MC-UC3M lost ground, mostly due to lower recall.
The additional subtleties found in the ADE Eval annotation guidelines suggest that the ADE Eval mention finding task should be harder, and yet two of the three teams improved their mention-finding scores, and two of the three teams improved their MedDRA® coding scores. One can tentatively conclude, then, that these teams did actually perform better in the ADE Eval.
[bookmark: _Ref27051303]Ensemble System Experiments
To explore possible benefits from combining systems, MITRE prepared two ensemble runs from the top 3 and top 7 systems. The first used the best run from each of the top seven systems. The second used the top three systems with the highest recall. Supplementary Table C‑13 shows the results from these two simple voting-based ensembles, along with the scores from the contributing systems. For the seven-system ensemble, the Threshold 2/7 results exceed the best single system scores at the mention-level for both recall (0.89) and F1(0.91); for the MedDRA® coding, the results also exceed the single system scores for recall (0.83) and F1 (0.80), at the expense of a lower score on precision (0.80) and a lower Quality score (0.90) compared to the best component system runs.  
For the three-system ensemble, the Threshold 2/3 run scores are comparable to the best component system scores, although with very slightly higher precision and quality, and comparable recall.
[bookmark: _Ref27751549]Supplementary Table C‑13: Ensemble Runs and Component System Scores
	Team
	Run
	Mentions - exact match, weighted (P/R/F1)
	MedDRA® coding - macro-averaged by section (P/R/F1)
	Quality

	MelaxNLP
	run2_submission
	0.92 / 0.86 / 0.89
	0.80 / 0.81 / 0.79
	0.92

	UMLBioNLP
	submission2
	0.92 / 0.86 / 0.89
	0.81 / 0.77 / 0.76
	0.93

	Linguamatics
	AEs
	0.85 / 0.83 / 0.84
	0.66 / 0.82 / 0.70
	0.79

	NaCTeM
	Run1_HYPHEN
	0.93 / 0.79 / 0.86
	0.79 / 0.68 / 0.70
	0.96

	UPennHLP
	Run2_supervised
	0.84 / 0.83 / 0.84
	0.61 / 0.75 / 0.65
	0.86

	BetaResearch
	Submission2
	0.87 / 0.78 / 0.82
	0.64 / 0.62 / 0.60
	0.9

	CONDL
	CONDL_E46
	0.97 / 0.69 / 0.80
	0.87 / 0.56 / 0.63
	0.95

	Threshold
	1/7
	0.72 / 0.95 / 0.82
	0.47 / 0.93 / 0.59
	0.72

	Threshold
	2/7
	0.93 / 0.89 / 0.91
	0.80 / 0.83 / 0.80
	0.9

	Threshold
	3/7
	0.96 / 0.83 / 0.89
	0.87 / 0.75 / 0.78
	0.93

	Threshold
	4/7
	0.97 / 0.78 / 0.87
	0.90 / 0.67 / 0.72
	0.96

	Threshold
	5/7
	0.98 / 0.74 / 0.84
	0.92 / 0.60 / 0.67
	0.98

	Threshold
	6/7
	0.99 / 0.67 / 0.80
	0.95 / 0.51 / 0.60
	0.98

	Threshold
	7/7
	0.99 / 0.51 / 0.68
	0.97 / 0.38 / 0.48
	0.99

	Threshold
	1/3
	0.82 / 0.93 / 0.87
	0.61 / 0.91 / 0.70
	0.77

	Threshold
	2/3
	0.96 / 0.83 / 0.89
	0.88 / 0.76 / 0.79
	0.94

	Threshold
	3/3
	0.98 / 0.69 / 0.81
	0.94 / 0.58 / 0.66
	0.97


[bookmark: _Ref28067581]

[bookmark: _Ref28685140]Discussion: Supplementary Material
How Hard is the Problem?
The results from the ADE Eval provide some insights about what might make it hard to find a particular ADE in PI text. First, an ADE might be hard to find because the evidence may not be an obvious expression of the ADE; or there may be only a small number of mentions of the ADE. In the ADE Eval test corpus, 13,713 MedDRA® codes were identified across the various relevant label sections, and of those, 9,187 (67%) were linked to one or more mentions which matched a corresponding MedDRA® LLT exactly, and 9,791 (71.3%) were linked to only one mention. So on the one hand, the majority of the MedDRA® codes were linked to “easy” evidence, but on the other hand, the majority of the MedDRA® codes were linked to the minimum amount of evidence. For further details, see Supplementary Table D‑1.
An ADE might also be hard to find because the evidence is in a form that the systems have difficulty with, such as discontinuous phrases. This aspect cannot have an enormous effect on the outcome of the evaluation, since only 1291 of 19,520 OSE_Labeled_AEs (6.6%) in the test corpus are discontinuous (see Supplementary Table B‑3). But the systems do have tremendous difficulty with them. For further details, see Supplementary Section C.5.
Impact of a Curated Central Repository
There are multiple ways in which a curated central repository could increase the efficiency of the SE’s daily pharmacovigilance activities.  For instance, labeled ADEs contained in PIs could be automatically mapped to ADEs reported in ICSRs. This would allow the SE to quickly determine which ADEs are already labeled as associated with suspect and co-suspect drugs, and which are unlabeled. Additionally, SEs would have the ability to readily triage ICSRs by unlabeled ADE status for a drug of interest or a combination of related drugs.  It would be possible to stratify ADEs by labeled status which could enable trending of ADEs or a group of related ADEs over time. Visualization and aggregation of labeled ADEs within or across PIs and ICSRs could assist in detection of drug safety issues.  A repository could centralize capture of updates when new drug and therapeutic biologic products and their respective PIs are approved by FDA, as well as for safety updates to existing PI labels. Furthermore, a consistent approach to creating a repository of labeled ADEs has the potential to promote a standardized process.  
Impact of ADE Eval Results
In order to assess the actual impact of the ADE Eval results, we can consider the potential impact of interacting with NLP judgments provided by one of the highest-performing submissions, MelaxNLP run2_submission. For the MedDRA® coding task, this run achieved a precision of 0.80, a recall of 0.81, and a quality score of 0.92. Additional information about the distribution of MedDRA® codes in this run can be found in Supplementary Table D‑2. We will consider two possible front office activities: determining whether a specific ADE is present in a PI section (which we will call PI section consult), and finding all the ADEs in all the relevant sections of a PI (which we will call PI curation).
Implications for the PI Section Consult Activity
We begin with the PI section consult activity. The SE is given a specific ADE and asked to determine whether it is present in a particular section, and is shown all the evidence the system has found for that ADE. A MedDRA® recall score of 0.8 means that the system found 4 out of 5 MedDRA® codes, on average, in a given section. So if the code is present, then the SE is very likely to find NLP evidence for it, and because the quality score is so high, the evidence for that code is very likely to be correct. So for 4 out of 5 MedDRA® codes present, the SE has been saved the work of finding the MedDRA® codes and supporting evidence, and merely needs to verify that the evidence is correct.
In all other situations, the SE must read the PI section: either the code was not found (and may or may not be present), or the code was found erroneously (i.e., the system found the code, but all the evidence was wrong). It is not known what proportion of the time this happens; while we know that 1 of 5 codes is missed, we do not know how often the SE must consult the PI to look for an ADE which is truly not there.
In order to elaborate on the exact details of how an SE might encounter NLP results in the course of label curation, we require both statistics about the distribution of MedDRA® codes with various types of evidence in the test corpus (shown in Supplementary Table D‑1) and the same distribution for a representative high-performing submission run (MelaxNLP run2_submission, shown in Supplementary Table D‑2).
[bookmark: _Ref28081991]Supplementary Table D‑1: Test Corpus MedDRA® Codes
	Section Type
	All Codes
	Codes with One Gold Mention
	Codes with Multiple Gold Mentions
	Codes with One or More Discontinuous Mentions
	Codes with One or More
Mentions which Match a MedDRA® Term Exactly

	(all section types)
	13713
	9791
	3922
	1143
	9187

	Adverse Reactions
	10238
	7309
	2929
	552
	7621

	Boxed Warnings
	338
	261
	77
	57
	133

	Precautions
	177
	140
	37
	49
	51

	Warnings
	52
	31
	21
	6
	17

	Warnings and Precautions
	2908
	2050
	858
	479
	1365



[bookmark: _Ref27741644][bookmark: _Ref28083133]Supplementary Table D‑2: MedDRA® Code Distribution for MelaxNLP run2_submission
	Section Type
	All Codes
	Codes with One Mention
	Codes with Multiple Mentions
	Codes with One or More Discontinuous Mentions
	Codes with One or More
Mentions which Match a MedDRA® Term Exactly

	(all section types)
	14017
	10110
	3907
	304
	9246

	Adverse Reactions
	10455
	7494
	2961
	140
	7660

	Boxed Warnings
	285
	215
	70
	16
	119

	Precautions
	245
	208
	37
	3
	87

	Warnings
	65
	42
	23
	5
	20

	Warnings and Precautions
	2967
	2151
	816
	140
	1360



The overall precision and recall for this run are 0.8 and 0.81, respectively, and the quality score is 0.92.
There are 100 labels in the test corpus; so, on average, the submission run shown here proposes 140 MedDRA® codes for each label. Of these, 101 will have a single mention as evidence, and the remaining 39 will have multiple mentions as evidence. We separately computed additional metrics for this run for single- and multiple-mention MedDRA® codes; from the point of view of the submission, the precision score on single-mention MedDRA® codes is 0.77, and 0.91 for multiple-mention codes.
So, in reviewing this average label, the SE will encounter 140 MedDRA® codes, 112 of which (80%) will be correct. 101 of those will have a single item of evidence, and 77 of those will be correct; the remaining 39 will have multiple items of evidence (on average, approximately 2.5), and 35 of them will be correct. Given these numbers, we can compute a separate quality score for the multiple-mention MedDRA® codes. 
Since the quality score is computed only for correct MedDRA® codes, the average quality score for the correct single-mention codes is 1.0 (since the single item of evidence has to be correct). Because the quality score is an average of the individual code scores, the average quality score Q for multiple-mention MedDRA® codes satisfies the equation 0.92 = (77 * 1.0) + (35 * Q)/(77 + 35), and Q = 0.75. So on average, 75% of the evidence will be correct for the 35 correct multiple-mention codes.
So, in the simplest curation scenario, where the SE reads the entire label once, the SE’s experience will be as follows:
· For 77 of the 140 codes, the SE will encounter a single correct item of evidence. The SE will mark this as correct. 
· For 23 of the 140 codes, the SE will encounter a single incorrect item of evidence. The SE  will reject these. 
· For 35 of the 140 codes, the SE will encounter a correct code with multiple items of evidence, 75% of which will be correct. The SE might confirm one piece of evidence, or all the correct evidence, and all unconfirmed elements can be discarded or hidden. 
· For 5 of the 140 codes, the SE will encounter an incorrect code with multiple items of evidence. The SE will reject all of this evidence.
· Finally, the SE must identify all the false negatives. The average label contains 137 true MedDRA® codes, according to the table above, so for a recall of 0.8, with 137 codes, on average, per label, there will be 27 MedDRA® codes which were not found by the system. Each one of these will involve marking an evidence element for later MedDRA® coding.
In this scenario, the savings represented by the application of NLP is in the 112 codes which the system correctly found, and the penalty imposed is the 28 items incorrectly found and the evidence review required, and also the additional review of correct evidence in the 35 correct multi-mention cases, if the SE chooses to review it.
Implications for the PI Curation Activity
We now turn to the PI curation activity. In this case, we know that the SE will always have to read all the relevant sections, since the SE’s goal is to find all the ADEs which are present, and 1 out of 5 ADEs is missed by the system. In this case, the value of the NLP evidence is to simplify the amount of work the SE does during curation. Supplement D attempts to quantify this savings. For a typical PI, a bit more than half of the MedDRA® codes found by the system (77 of 140, 55%) will present a single, correct mention as evidence; another 25% (36 of 140) will present multiple mentions, most of which will be correct, and many of which the SE may choose not to review; the remainder of the presented evidence will be wrong; and the SE will find another 27 codes that the NLP missed.


References

1. Jagannatha A, Liu F, Liu W, Yu H. Overview of the First Natural Language Processing Challenge for Extracting Medication, Indication, and Adverse Drug Events from Electronic Health Record Notes (MADE 1.0). Drug Saf. Springer International Publishing; 2019;:1–13. 
2. Gurulingappa H, Rajput AM, Roberts A, Fluck J, Hofmann-Apitius M, Toldo L. Development of a benchmark corpus to support the automatic extraction of drug-related adverse effects from medical case reports. Journal of Biomedical Informatics. 2012;45:885–92. 
3. Karimi S, Metke-Jimenez A, Kemp M, Wang C. Cadec: A corpus of adverse drug event annotations. Journal of Biomedical Informatics. 2015;55:73–81. 
4. Innovative Medicines Initiative WEB-RADR 2 Project. 2020. Available from: https://www.imi.europa.eu/projects-results/project-factsheets/web-radr-2
5. IMI WEB-RADR 2 Project and Overview of the SNOMED CT – MedDRA Mapping. European Industry MedDRA User Group Webinar. 2019. Available from: https://admin.new.meddra.org/sites/default/files/page/documents_insert/3_web-radr_2_and_snomed_-_meddra_mapping_3_dec_2019_final.pdf
6. Chinchor N. The statistical significance of the MUC-4 results. MUC4 '92. Morristown, NJ, USA: Association for Computational Linguistics; 1992. pp. 30–50. 

image1.png
@) ST

) —_—




image2.png




