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Abstract 
Introduction
Adverse drug reactions (ADRs) are associated with significant health-related and financial burden, and multiple sources are currently utilized for actively discovering them. Social media has been proposed as a potential resource for monitoring ADRs, but drug-specific analytical studies comparing social media to other sources are scarce.
Objectives
To develop methods to compare ADRs discovered from social media for adalimumab to traditional sources: FDA Adverse Event Reporting System (FAERS), drug information databases (DIDs), and systematic reviews.
Methods
A total of 10,188 posts tweets mentioning adalimumab collected collected from Twitter between June 2014 and August 2016 are included. ADRs in the corpus were extracted semi-automatically and manually mapped to standardized concepts in the Unified Medical Language System. ADRs were grouped into 16 biologic categories for comparisons. Frequencies, relative frequencies, disproportionality analyses and rank ordering were used as metrics.
Results
There was moderate agreement between ADRs in our corpussocial media and traditional sources. “Local and injection-site reactions” was the top ADR in Twitter, DIDs and systematic reviews by frequency, ranked frequency, and index ranking.  The next highest ADR in Twitter—fatigue—ranked 5th and 7th in FAERS and DIDs.  
Conclusion
Social media posts often express mild and symptomatic ADRs but rates are measured differently in scientific sources. ADRs in FAERS are reported as absolute numbers, in clinical drug databases as percentages, and in systematic reviews as percentages, risk ratios or other metrics, which make comparisons challenging; however, substantial overlap exists. Social media analysis facilitates open-ended investigation of patient perspectives and may reveal concepts (e.g. anxiety) not available in traditional sources.

KEY POINTS
· Social media is a robust source of health-related data and may serve as a complementary resource for adverse drug reaction information from the patient perspective.  
· Analyses of social media posts allow for open, scientific investigation of ADRs that may not be reported, or may be underreported in spontaneous reporting systems and primary literature, thus contributing to a more complete safety profile.
· Challenges exist inexist that prevent current natural language processing methods that are capable ofto automatically map all consumer ADR ping ADR expressions to standard forms; however, given the amount of information available in social media, it is important to continue efforts to improvements the state ofto automatic text processing approaches should make the methods presented here scalable by reducing the annotation burden. .


1. Introduction 

Adverse drug reactions (ADRs) are a significant cause of morbidity and mortality worldwide, are responsible for approximately 5.3% of hospital admissions, and are estimated to rank between fourth and sixth in cause of mortality in the United States, making them crucial in healthcare decision making (1-4).  Recent studies have highlighted ADRs as costly, and their discovery a public health priority (4-6). The seriousness of the problem has led to investigations of novel methods to discover and assess ADR information from distinct sources (7-10). The World Health Organization (WHO) defines an ADR as “a response to a drug which is noxious and unintended, and which occurs at doses normally used in man for the prophylaxis, diagnosis, or therapy of disease, or for the modifications of physiological function” (4). The importance of ADRs should not be understated given that many drugs may result in harm, and when different options are available, avoidance of ADRs may be a deciding factor in formulary inclusion or treatment choice. There may also be narrow benefit-versus-harm trade- offs. A number of efforts originating from different parts of the globe attempt to systematically identify and report ADRs. However, comprehensive detection and reporting of ADRs remains incomplete (2, 4, 11). Each reporting source has limitations. In particular, underreporting is apparent in traditional pharmacovigilance data, clinical trials and other types of studies (12). Drug information databases (DIDs), which are compilations of information primarily used by medical professionals, are limited by timeliness of updates from primary literature and package insert data. In recent years, social media has emerged as a promising source of timely data that is currently underused and could help supplement data from other sources (13, 14). Little is known about the similarities and differences between ADRs obtained from social media and traditional sources. 	 
	The primary objective of this study is to explore methods to elucidate the similarities and differences between data extracted from social media and other ADR reporting systems, in an attempt to create a complete ADR profile for a single medication. We selected adalimumab as the focus of this study because it is approved to for chronic diseases with significant health burdens, has been a top-selling drug in the United States for many years, and has both common and rare adverse events (15-18). Adalimumab is a biologic,  which is a class of medications that are large molecules manufactured in living cells for the treatment of diseases. It is a monoclonal antibody that binds to tumor-necrosis-factors, ultimately resulting in decreased inflammatory activity in immune based conditions. Its primary use is in immune based arthritis, Crohn’s disease, ulcerative colitis, and psoriatic arthritis although there are additional FDA approved indications. Adalimumab has many common side effects such as injection site reactions, and rarely it increases the risk of serious infections (17). We hypothesized that social media provides information to support what is known about medications, along with additional information that is not available from traditional systems. 
1.1 Challenges with ADR Reporting
Precise ADR reporting rates, whether at the local level, or through national reporting systems, are unknown but are estimated to be approximately 10-20% (12, 19, 20). Data collection and reporting varies in different settings. For example, ADRs measured in a hospital setting have been estimated at 86%, while the rate in outpatient settings may be 16% to 48% (21-25). Further differences may be seen in observational as well as experimental studies, all of which suffer from underreporting (12). Problems arise with differences in reporting rates, imprecise evaluation and estimation of ADRs and a scarcity of recent studies to describe ADR rates (3, 26-29). The following subsections detail some of these limitations. 
1.1.1 ADRs reported in primary literature
DIDs and systematic reviews rely on primary literature, such as reports of randomized controlled trials (RCTs), ). RCTsalthough they may not be the most appropriate study design to capture ADRs, and it is often impractical, expensive, or ethically difficult to investigate rare, long-term adverse effects with RCTs. In general, RCTs are designed and powered to explore efficacy and often are not large enough nor have sufficient follow-up to identify rare, long-term ADRs, or ADRs that occur after the drug has been discontinued. RCT data may be limited if trials exclude specific patient populations such as children, elderly, pregnant women, patients with multiple diseases, and those with potential drug interactions. Aggregating data from RCTs is another method to examine the association between medications and ADRs. Systematic reviews aim to identify, evaluate and summarise findings of relevant studies, mostly RCTs. When appropriately conducted, they provide reliable estimates about the effects (beneficial and adverse) of interventions.  
Detection of ADRs through observational studies can be problematic because they are typically not designed with ADR detection as the primary outcome. Pharmacoepidemiologic (PE) studies measure the effects and ADRs of drugs in large populations. PE studies may use secondary data sources such as administrative health claims databases (30). Health claims are a robust source of real world data, yet the databases were not designed to detect ADRs. These observational studies may be valuable for hypotheses generation, education applications, and even pharmacovigilance, yet it is difficult to establish cause and effect relationships, the opportunity for bias is great, and they rank low in evidence-based medicine.  More common are case series and case reports, which rely on researchers or motivated clinicians to investigate, evaluate, and report the case(s) (31).
1.1.2 ADRs and Spontaneous Reporting Systems (SRS)
The FDA’s Adverse Event Reporting System (FAERS) is a spontaneous reporting mechanism in the United States that has mandatory and voluntary components. FAERS may be one of the most efficient current methods to capture rare events that are associated with drug use (32). FDA requires manufacturers to report serious ADRs within 15 days of receipt; reports are also required for devices and vaccines. ADR reports are maintained in the FAERS database and manufacturers are estimated to provide 80% of pharmaceutical reports (33). Reporting by consumers and healthcare professionals comprise the remaining reports and the level of detail and content of each these reports may limit their usefulness. Healthcare professionals and consumer reporting is voluntary leading to bias of what is reported and underreporting. Healthcare professionals may be unsure of who is responsible for submitting an ADR report (20-36%) (11). Further obstacles to healthcare professionals reporting are insufficient time to report, unclear reporting processes, and they may be unsure of the specific drug causing the reaction. 
Other organizations maintain ADR reporting databases such as the Institute for Safe Medication Practices, but its focus is safe use and error prevention (34). The Agency for Healthcare Research and Quality (AHRQ) supports research to evaluate ADRs but does not compile them in a database (35). The American Society of Health System Pharmacists has a recommended plan for reporting ADRs, but the focus is primarily hospital based (36). The WHO and European countries have spontaneous surveillance mechanisms such as the UK’s Medicines and Healthcare Products Regulatory Agency’s (MHRA) Yellow Card program, the European Medicines Agency’s EudraVigilance, and the World Health Organization’s Uppsala Monitoring Center in Sweden, all of which have similar reporting challenges.
1.1.3 ADRs reported in Social Media
Social media platforms have been explored in the last five years as a potential resource for pharmacovigilance (13). Given the limitations of spontaneous reporting systems and other sources, social media in general and Twitter specifically was identified as a source to quantify adverse events (13, 14, 37). Social media has the potential to inform and augment adverse event reporting systems and self-reported perception of health that may not have been previously collected from other sources. Patient reporting brings novel information, more detail, and information on severity and impact of ADRs in daily life (38). Furthermore, ADRs associated with over the counter medications may not be captured in either hospital or ambulatory settings, but appear in social media. 
	In our prior research, we developed natural language processing (NLP) methods that address the specific challenges of mining health-related information from social media texts (13, 39, 40). The properties of social media texts that pose NLP challenges include misspellings, data imbalance, non-standard expressions and noise, to name a few, and these diminish the possibilities presented by big data from this resource. Because of the challenges, early work on utilizing social media for health-related tasks such as flu surveillance has relied mostly on keyword-based approaches for public health tasks such as flu surveillanceapproaches, . Such approaches simply using statistics on the leverage information regarding the volume of data matching specific keywordson a specific topic. For social media based pharmacovigilance, we have conductedcompleted large-scale efforts of manual annotations, and then utilized them to develop supervised classification methods to filter out noise (41) and information extraction methods to extract standard and non-standard mentions of ADRs (39). While theThese advances mainly allow  current state-of-the-art for classification and extraction of ADRsthe reduction of the volume of data that needs to be manually annotated, given that any study on specific ADRs or their frequency to estimate incidence or detect a signal (such as proportional reporting ratio –PRR=) requires can be used operationally for scientific studies, mapping of the extracted mentions to standard IDsadverse effect nomenclature (such as the UMLS or MedRA), a task commonly known as normalization, . This is still an unresolved challengingchallenge, with lexicon-based approaches (e.g., MetaMap) performing very unreliably (42, 43) and missing all but almost exact mentions of the adverse effects in the social media posts. Effective automatic normalization methods will potentially enable large-scale comparisons of many drug-ADR pairs from social media to other sources. However, wWhen this study was conducted, due to the absence of an effective normalization approach, we only chose to use automatic methods for performed ADR extraction only, automatically from tweets followed by manual mapping of the ADRs mentions to standard  nomenclatureIDs. Manual normalization of all posts reporting an ADR removed the potential bias of only using those posts that could be mapped automatically,. We compare ADRs from Twitter to known sources such as DIDs, systematic reviews, and the FDA’s FAERS to determine similarities and differences. This information may reflect patient perceptions or indicate signals of medication related problems. The annotation effort plus the 3-way comparison of social media data to other sources forced us to limit the study to  focusing on the ADRs associated with a single drug only. While this manual effort was very time consuming, it was necessary to ensure accurate comparisons, and it lays down the framework for future larger--scale comparisons of  multiple drugs and ADRs from different sources. We compare ADRs from Twitter to known sources such as DIDs, systematic reviews, and the FDA’s FAERS to determine similarities and differences. This information may reflect patient perceptions or indicate signals of medication related problems. We hypothesize that social media provides information about medication use that supports what is known about medications, as well as providing useful information that is not available from traditional adverse event reporting systems.  
2. Methods 
Twitter posts were collected from June, 2014 to August, 2016 via the Public API (https://dev.twitter.com/streaming/public) using the keywords ‘humira’, ‘adalimumab’, and their automatically generated misspellings (40). Tweets were processed by ADRMine (39), which is a sequence labeling system relying on conditional random fields, to extract ADRs. All extracted ADRs were manually annotated as perceived ADRs or some other categories. In addition, to assess what the automatic system could be missing, a random sample of 1,000 tweets were selected from those not identified by ADRMine, and similarly annotated. All manual annotations were performed following the guidelines described by O’Connor et al. (44). Identified ADRs were mapped to Unified Medical Language System (UMLS) concept IDs. The UMLS is supported by the National Library of Medicine and is a compendium of biomedical vocabulary, classification, and coding systems that attempt to facilitate biomedical interoperability of information systems (45). 
Twitter adalimumab ADRs were aggregated into broad categories of biologic systems to facilitate comparison between the different ADR sources. For example, local injection site reactions are known and common for adalimumab and may be identified with the UMLS concept ‘injection site burning’ or ‘injection site bleeding’ or ‘bruising’, and others. FAERS reports these local reactions as ‘injection site pain’, or ‘injection site haemmorhage’, and others, while DIDs report the reactions in one subcategory of local injection site ADRs. For this study, these local dermatologic reactions were combined into one category and a similar process was used to create each biologic system category.  
We conducted brief disproportionality analyses by computing proportional reporting ratios (PRRs), which is a measure of disproportionality in signal detection (46, 47). This measure has been used for spontaneous reporting systems and the score was customized to suit social media data (48). The goal of disproportionality analysis is to detect drug-ADR pairs that are reported more frequently than other pairs of concepts. Relatively small numbers of reports may lead to identifiable signals. Table 1 presents the contingency matrix for the disproportionality measure, which is given by the following equation:


Table 1 Disproportionality two-by-two contingency matrix 
	
	User posts with the suspected ADR
	User posts without the ADR

	User posts mentioning adalimumab
	A
	B

	All other posts
	C
	D




2.1 Comparison of Tweets to Known Sources of ADR Reporting
We compared ADR categories mentioned in tweets to three known sources of ADR reporting: 1. FAERS, 2. DIDs, and 3. Systematic reviews of adalimumab. 
2.1.1 Comparison Metrics: Frequency, Ranking, Relative Frequency of ADRs
	Frequencies were compared and ranked as the absolute percentages identified across sources. To compare the relative magnitude of differences between the ADR categories, we computed the relative frequencies of the most mentioned categories of ADRs. “Pain” was defined as the index comparator with a value of 1.0 because it was reported similarly across Twitter, FAERS, and the DIDs. To obtain a relative frequency of an ADR compared to pain, the percentage reporting that ADR was divided by the percentage reporting pain. For example, 17.2 percent of tweets mentioned musculoskeletal complaints, and 10 percent of tweets mentioned pain. The relative frequency of musculoskeletal mentions would be 1.7 percent in FAERs
2.1.2 Food and Drug Administration Adverse Drug Event System
To compare the tweet ADRs to FAERS reports, we obtained a report of ADRs for adalimumab using OpenFDA API (ResearchAE.com) from June 1, 2014 through August, 2016. ADR categories. were compared between tweets and FAERS reports by frequency, rank order, relative frequencies and PRR metrics.
2.1.3 Drug Information Databases
We compared the frequency of ADR tweets to similar events mentioned in the three major DIDs utilized by healthcare professionals: Micromedex®, Lexicomp®, and Clinical Pharmacology® utilizing a composite frequency (Appendix 1). These databases are common sources of drug information for clinicians and utilize multiple sources including primary literature to present evidence-based efficacy and adverse event data. ADR categories were compared between tweets and DIDs by frequency, rank order, relative frequencies and PRR metrics.
2.1.4 Systematic Reviews of Adalimumab
For the third comparison, we conducted an overview of systematic reviews of adalimumab to identify ADRs and compared the ADRs identified in systematic reviews of adalimumab to the frequencies of the ADRs in the tweets. Systematic reviews are considered the gold standard in evidence-based medicine. They are often used for the bases of clinical guidelines and are considered as guidance in evidence based policy decisions. To identify ADRs associated with adalimumab in systematic reviews, a range of databases including Epistimonikos (https://www.epistemonikos.org/) and the DARE archive (https://www.crd.york.ac.uk/CRDWeb/ResultsPage.asp) were searched in February 2017 for synonyms of the term humira, adalimumab etc. No date or language restrictions were applied to the searches. Systematic reviews were included if humira was one of their primary interventions and they had searched for and presented usable data related to the adverse effects of this intervention. 
It was challenging to compare data collected from social media to outputs from systematic reviews. We undertook a two-step approach where we first presented findings and categories of adverse effects identified via Twitter and systematic reviews. The second step involved analyses to examine the strength of the relationship between adverse events and adalimumab—a rank order of the ADR frequencies. This gives an indication of agreement between the most frequently occurring ADRs from each source. These approaches use the data or statistics as presented by the systematic review authors, which in most instances meant that we limited our comparison to the absolute numbers from the active arm only. However, this is more comparable to the data collected from tweets where a control arm is not available.
3. Results 
A total of 10,188 tweets were collected and 2,617 potential ADRs were identified automatically by ADRMine. ADRMine obtained an F-measure of 0.58 (recall 0.91, precision 0.43) over the data set. The high recall obtained by the system suggests that most true ADR expressions were captured by the system. Manual review of these and the an additional 1000 tweets  randomly chosen from those not identified by ADRMine resulted in 801 true ADRs, which were mapped to 232 unique UMLS concept IDs. Among the other  othersautomatically identified ADRs, 112 were ambiguous because it was unclear if they were ADRs, 259 were ambiguous because the mention may have referred to either the indication for the drug or ADR, 250 referred to the indication for adalimumab, 98 referred to an ADR or indication for another drug, 6 referred to a beneficial effect of the drug, 32 were duplicates, and 1162 mentioned the drug but not an ADR or indication for the drug, or other classifiable mention. These tweets were excluded from the analysis. Table 2 presents sample Twitter posts and type categorization. 
Table 2. Examples of comments based on UMLS concept codes 
	UMLS Concept Code
	Comment Type
	Comment

	Pain
	Adverse drug reaction
	humira is the worst pain i have ever felt-and i 've felt some pretty bad pain in life

	Pain
	Unsure 
	@username can't sleep in pain,reminds me of your super woman strength to cope with it!How did ur first Humira injection go babe?

	Pain
	Indication or ADR
	I just gave myself my first Humira injection. Ouch! Any suggestions on reducing the pain and making it more tolerable? Craig

	Pain
	Other drug
	I had terrible joint pain with Remicade.   I switched to Humira and have had no major side effects. 

	Pain
	Beneficial
	I'd like to add, Humira is kicking RA's ass! I've got energy! Pain & swelling down a lot! Haven't taken ibuprofen in 2 days either :)

	Fatigue
	Adverse drug reaction
	humira made me perpetually fatigued and sick

	Fatigue
	Unsure 
	One of those days—wicked tired and I have to get going to make it to physical therapy today. Two days after each Humira shot is sucky.

	Fatigue
	Other drug
	i think i am still trying to get over the tiredness from ibiza and humira is due .

	Fatigue
	Beneficial
	i could swear that humira is giving me so much energy





3.1 Classification of Tweets into Categories Based on UMLS Concept IDs 
After excluding tweets that did not mention an ADR, extracted UMLS concept names describing similar adverse events were combined into one biologic category where possible in order to measure the frequency of a broad concept as previously described. For example, UMLS concept names including “knee pain”, “muscles pain” and multiple other “pain” mentions were grouped into one general ”pain” category. Other categories created by pooling related concepts included “abdominal issues”, “allergic reactions”, “anxiety and mood mentions”, “dizziness and neurologic symptoms”, “fatigue symptoms”, “headaches”, “infections”, “cardiac symptoms”, and “sick mentions”. Finally, serious illnesses were noted such as “Guillane Barre”, “myocardial infarction”, and “fatal outcome”. The top sixteen aggregated categories mentioned in adalimumab tweets are presented along with the clinical drug database and FAERs report frequencies, frequency ranks, and relative index values are presented in Table 3. 
3.2 Comparison of Adverse Drug Reactions in Tweets to FAERS and Clinical Drug Databases
Absolute frequency ranking, and relative ranking with index values are presented in Table 3.  Local “injection site reactions”, “fatigue”, and “pain” comprised the majority of concept categories for Twitter mentions at 187 (23.7%), 136 (17.2%), and 79 (10.0%) respectively and this was similar to FAERS reports at 24.4%, 11.4%, and 11.6%, respectively.  While these ADRs were frequently reported in the clinical drug databases, the top three events were “injection site reactions”, “skin/dermatologic reactions”, and “headache”.  PRR scores for the term “pain” were high at 16.4 when the scores for the specific mentions (e.g., muscle pain and chest pain) are combined. The PRR score most applicable to “injection site pain” was “welts”, which also had a high score of 8.4.  
The relative trend of the top ADRs in Twitter of “injection site pain”, “musculoskeletal fatigue”, “gastrointestinal complaints”, and “neurologic complaints” including “anxiety”, “depression”, and “mood” are similar as illustrated in Figure 1. Not all relative reports are similar. FAERS reports dermatologic ADRs three times more frequently than “pain” (index value 3.3), while Twitter reports of dermatologic ADRs are 0.5 times that of “pain”. The clinical drug databases report dermatologic ADRs more similar to FAERS than Twitter with an index value of 2.2. The five ADR categories with notable disparity between the three sources are “dermatologic”, “hypersensitivity”, “headache”, “infection”, and “joint and bone” ADRs. Of those categories, “dermatologic”, “hypersensitivity”, and “bone and joint ADRs” have the highest index values when compared to pain in the FAERS reports (3.3, 1.5, 1.3, respectively). “Hypersensitivity”, “Infection”, and “headache” ADRs have the highest index value relative to “pain” in the clinical drug databases (2.2, 2.2, and 1.7, respectively). The relative ranking of index values for Twitter are less than the other data sources in “gastrointestinal”, “joint and bone”, “cardiovascular”, “hepatic”, “hematology and oncology”, and “respiratory” categories (Figure 1).

Fig. 1 Ranking of Index Values for Adverse Drug Events by Data Source
[LOCATION FOR FIGURE 1]
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Table 3. Adverse Event Categories Mentioned in Adalimumab Tweets 
	
	Twitter
	FAERS
	Clinical Drug Database

	Adverse Event Category
	n
	Percent
	Frequency Rank
	Index value*
	n
	Percent
	Frequency 
Rank
	Index Value*
	 Percent
	Frequency Rank
	Index Value*

	Local: Injection Site
	187
	23.70
	1
	2.4
	603
	24.36
	2
	2.1
	13.80
	1
	2.5

	Musculoskeletal: Fatigue/ Weakness/ Spasms/ Malaise
	136
	17.24
	2
	1.7
	282
	11.39
	7
	1.0
	7.00
	5
	1.3

	Pain,all
	79
	10.01
	3
	1.0
	288
	11.64
	5
	1.0
	5.50
	7
	1.0

	Gastrointestinal
	48
	6.08
	4
	0.6
	288
	11.64
	5
	1.0
	7.00
	5
	1.3

	Neurologic: Anxiety/ Depression/ Insomnia/ Panic/ Mood
	43
	5.45
	5
	0.5
	113
	4.57
	12
	.4
	2.50
	10
	.5

	Dermatologic
	41
	5.20
	6
	0.5
	950
	38.38
	1
	3.3
	12.00
	2
	2.2

	Neurologic: Headache
	30
	3.80
	7
	0.4
	109
	4.40
	13
	0.1
	12.00
	2
	2.2

	Infection
	30
	3.80
	7
	0.4
	427
	17.25
	3
	0.4
	9.60
	4
	1.7

	Hypersensitivity
	30
	3.80
	7
	0.4
	33
	1.33
	16
	1.5
	1.00
	15
	0.2

	Neurologic: CNS Dizzy-fall/ Gait/ Groggy/ Memory/  Confusion
	21
	2.66
	10
	0.3
	154
	6.22
	9
	.5
	2.50
	10
	0.5

	Endocrine/ Metabolic
	16
	2.03
	11
	0.2
	56
	2.26
	14
	0.2
	4.50
	8
	0.8

	Musculoskeletal: Arthralgia/ Joint/Bone complaints
	15
	1.90
	12
	0.2
	360
	14.55
	4
	1.3
	3.00
	9
	0.5

	Cardiovascular
	14
	1.77
	13
	0.2
	175
	7.07
	8
	0.6
	2.50
	10
	0.5

	Hepatic
	7
	0.89
	14
	0.1
	54
	2.18
	15
	0.2
	2.40
	14
	0.4

	Hematology/ Oncology
	7
	0.89
	14
	0.1
	118
	4.77
	10
	0.4
	1.00
	15
	0.2

	Respiratory
	3
	0.38
	16
	0.0
	118
	4.77
	10
	0.4
	2.50
	10
	0.5




3.3 Adverse Drug Reactions Identified through Systematic Reviews
There were 38 systematic reviews evaluating adalimumab identified by database searches. After assessment of each paper we included 20 systematic reviews (Appendix 2). Of reviews excluded, seven did not evaluate any adverse effects (49-55). Three reviews were excluded because they pooled serious ADRs or all ADRs without naming or quantifying the adverse effects (56-59). Another systematic review was excluded because it evaluated pharmacoeconomic studies (60). Five systematic reviews did not contain data on adalimumab monotherapy but a combination therapy or compared adalimumab therapy to another therapy (61-65). Studies were checked for duplicate data. One review (66) contained only two RCTs both of which were already included in another review (67) with the same data extracted and was excluded. If a study was included in more than one review we checked to see if different outcomes were measured. No further systematic reviews were excluded on this basis. Twenty systematic reviews remained for inclusion to examine ADRs of adalimumab (Table 5). One of the included studies by Burmester et al. (15) appeared to have been updated (68), however the included studies were not listed. In this instance, we extracted data from both papers but did not include both sets of data in our results.
	Adalimumab was evaluated for different indications, study designs, and results measures in the 20 included systematic reviews (see Appendix).  Indications included rheumatoid arthritis, inflammatory arthritis, ankylosing spondylitis, psoriasis, ulcerative colitis, inflammatory bowel disease or Crohn’s disease.  While half of the reviews were limited to RCTs only (67, 69-77), 8 included RCTs and other study designs (such as case series, cohort studies or non-randomised trials) (15, 68, 78-83) and 2 did not include RCTs but used case reports, case series, cohort studies or uncontrolled trials (84, 85). Results from the reviews were either reported as rates of adverse effects (9 reviews) (67, 70, 71, 73, 76, 79, 80, 83, 84), events per patient years (6 reviews) (15, 68, 69, 72, 85, 86), risk ratios (1 review) ((77)) or simply listed with little or no numerical data (4 reviews) (75, 78, 81, 82).
We were only able to obtain the rank order of adverse effects from 10 systematic reviews (67, 68, 70, 73, 74, 76, 77, 80, 83, 84).  Two of the 9 systematic reviews reporting rates of adverse effects (71, 79) and 3 of the 6 systematic reviews reporting events per patient years (15, 72, 85) did not provide numerical data for all the adverse effects listed and one systematic review only evaluated one adverse effect (cancer) (69). For the systematic reviews that did not provide adequate numerical data, we were only able to compare whether particular adverse effects were mentioned (15, 71, 72, 75, 77-79, 81, 82, 85). 
3.3.1 Comparison of Mentioned and Ranked ADRs  
Within the 10 systematic reviews for which we were able to rank order ADRs, the two categories from in the top 16 categories in Twitter were not covered in these systematic reviews were “Neurologic: Anxiety/Depression/Insomnia/Panic/Mood” and “Endocrine/metabolic” which were 5th and 11th top adverse effects on Twitter, respectively. 
To compare the ranking of ADR categories in systematic reviews to Twitter we first compared the overall results from the 10 reviews with rank order data and then carried out a more detailed analysis with the included RCTs from these reviews which reported rates in the treatment and placebo arms.
No single adverse event category was included in all 10 systematic reviews; however, “infection” , ranked 7th on Twitter, was covered in 9 systematic reviews and ranked 1st overall in the systematic reviews. “Injection site reactions” (top adverse effect on Twitter) and “hematology/oncology” (14th on Twitter) were listed in 6 reviews.  “Injection site reactions” were ranked 2nd overall and “hematology/oncology” was ranked 5th overall in the systematic reviews.  Interestingly “infection” and “hematology/oncology” were much more prominent ADRs in the systematic reviews than in social media.  Conversely, “muscolosketal: fatigue” (3rd on Twitter) and “pain” (4th on Twitter) were much more prominent in social media than in systematic reviews where they were mentioned in one review and four reviews respectively. Some adverse effects reported in the systematic reviews were not in the top 16 categories from Twitter. Most notable were serious adverse effects such as “death”—although this was not common. 
Figure 2 shows the results of a more detailed analysis using the RCTs from the systematic reviews with rates of that reported rates of adverse effects (70, 73, 76, 83). This figure was produced by summing the adverse events from the RCTs in each category to calculate absolute percentage difference for Humira vs. placebo and it displays the rank order of attributable frequency, which is the intervention adverse effect rate minus the control event rate.
Only “infection” had complete data in all 11 RCTs and “injection site” was reported in 9 RCTs. One major issue was that ‘”pain” was not reported as an adverse effect in any of the trials, primarily because pain is so non-specific and could be applicable to any biologic system or the disease. Figure 2 highlights that the investigators may only be interested in measuring infections and local reactions, while important ADRs remain poorly ascertained.

Fig. 2 Percentage of Increased Risk for Adverse Drug Events in Adalimumab Users Compared to Placebo in Randomized Controlled Trials

[LOCATION FOR FIGURE 2]
4. Discussion
This study illustrates the similarities and differences in ADRs discovered for adalimumab from different sources, and highlights the difficulties of comparing or combining data from the different sources due to each unique set of limitations. FAERS is a voluntary reporting system, and while the total number of ADRs reported is known, the total number of individuals exposed to the drug are unknown. Thus, incidence cannot be determined from FAERS data. Incidence may be measured in clinical studies, which are the primary source of information for clinical drug databases and systematic reviews. However, these studies may be short in duration, have limited patient populations, and may beare normally designed to detect efficacy. Neither are mMost systematic reviews are also not designed with ADRs as the primary outcome, and in many cases the individual studies that contribute to the reviews report ADRs by percentage, incidence rates utilizing person time, or other crude measures. Given the limitations of these sources, it is reasonable to utilize social media as an additional source of patient reported ADRs. We sought to verify to what extent social media encapsulated existing knowledge regarding adalimumab ADRs identified in traditional sources, and to determine what additional information about ADRs social media data may provide us. 
4.1 Comparison to Related Work
Social media is a recognized source of ADR information within the research community, yet methods of extracting, analyzing, interpreting, and proposed uses are many (8, 13, 14, 26, 87-90). Furthermore, automated approaches relying on social media big data show varying performances, and continued developments to improve precision are needed. Sarker et al. conducted a review of studies that described automatic data mining approaches for ADR detection (13). Twenty-two studies were identified that used health related and general social media sites as the source for mining. The authors concluded that while health-related sources contain more specific ADR data, there is a paucity of publicly annotated data to allow for further development of methods to identify ADR-drug pairs.
In addition to the need for continued development of automated mining approaches, comparison of social media data to existing sources of pharmacovigilance is necessary. Lardon et al conducted a review of ADR extraction from social media with the purpose of determining what methods have been used to identify post-marketing pharmacovigilance data and evaluate the signals contained in user postings (87). The authors identified studies that focused on extraction and evaluation of ADR-drug pairs and found that four compared the data to FAERS, and the remaining seven studies utilized experts to evaluate ADR comments. None of the studies compared frequency and relative ranking of comments to multiple sources of pharmacovigilance data. We found that when comparing ADRs in Twitter to FAERS, more common ADRs had similar relative values across sources; likewise for the less common ADRs. Twitter ADRs that occurred at a moderate frequency were relatively underreported when compared to FAERS. For example, “dermatologic” ADRs were found to have a relative value of 0.5 in Twitter and 3.3 in FAERS or 2.2 in the clinical drug databases (Figure 1). “Hypersensitivity” was reported more frequently in the clinical drug databases (index 2.2), and relatively less in Twitter and FAERS (0.4 and 0.1, respectively). 
Our study utilized three sources to compare ADEs ADRs in addition to systematic reviews, while a previous comparison only examined systematic reviews and social media (14).  Only 12 of the 51 studies identified utilized medical dictionaries in their search strategy to identify ADRs, while our study utilized UMLS. There was general agreement between the extraction source and existing ADR data: over 80% of the ADRs found in Twitter were supported by the findings from other sources. Milder ADRs were reported at a higher frequency in social media. By comparison, we found that when evaluating the relative ranking of the ADR categories, the most frequently and infrequently experienced ADRs were similar across sources with the exception of ‘dermatologic’ ADRs reported in FAERS. The moderately reported ADRs were more likely to be different between Twitter, FAERS, and Clinical Drug Databases. Our finding that dermatologic ADRs have higher reporting in FAERS is similar to previous findings that some social media ADRs are underrepresented compared to pharmacovigilance systems (14). The relative ranking of lesser-reported ADRs were similar across the sources. For example, cardiovascular, hepatic, and respiratory ADRs have relatively low reports in all the sources (Figure 1). 
A similar method as this study to compare the frequency of reported ADRs across sources (not social media)s utilizing utilized an index value for relative comparisons from WHO reports, published case reports, and results of their meta-analysis (10).  The authors selected ADRs associated with amiodarone, a cardiac antiarrhythmic medication with known pulmonary, thyroid, and rare ophthalmic complications. There was little agreement within the sources for the top ADR as cardiac problems were ranked highest in the authors’ meta-analysis yet lowest in WHO and case reports. Thyroid problems were reported in the top three of each data source, indicating some level of agreement. Additionally, ophthalmic ADRs were reported to be rare which the low ranking in each of the sources supports. Our study, unlike the Loke study(10), included social media as a source, and found that the moderately reported ADRs that vary in relative reporting frequency (Dermatologic, hypersensitivity, headache, and infection).  
One method employed to examine the potential of social media as an early warning system identified safety signals reported to the FDA, then retrospectively determined if the signals were present in Twitter and Facebook (91). The authors selected 10 drug-event pairs from FAERs then examined Facebook and Twitter posts to determine if the event was mentioned prior to the FAERs signal. Their semi-automated analysis identified 13 posts in which the drug may have caused the event in question. Of these, six were identified as definitely causal, probable, or possible (46%). While this studythey sought to determine if the known drug-event pair signals were present in social media prior to FAERs reporting, our study examined the complete stream of signals postings coming anew for a specific drug without the advantage of hindsight. With the state of current automatic NLP methods, it is relatively easier to look for single, expectedknown, signalseffects, than to find and analyze all the newmentions of any type of effect signals.  . 
The above studies underscore the challenges in comparing ADRs between sources. ADRs may be reported as a percentage of occurrence in exposed individuals in scientific literature but difficulties arise because tweet studies do not have a control treatment. Absolute measures of frequency may be the most straightforward comparison but if a study reports low incidence (e.g. 3 per 1000 patient-years) comparisons are difficult to describe. Relative measures are especially challenging depending upon the comparator and control group. Control groups may be different between trials, so the relative effect is different. Further complicating comparisons is concomitant therapy (e.g. adalimumab plus methotrexate). Methotrexate may be adjusted or dose titrated in a trial, so the adalimumab patients may be getting a different dose of the concomitant medication. This is problematic when ADRs are dose response related.  
Each DID compiles ADRs from multiple sources including scientific literature and are therefore subject to the same frequency challenges. The FAERS database of post-marketing ADRs is subject to additional challenges because it can only report absolute occurrence numbers. Even with multiple reporting systems, ADRs are underreported and social media appears to be a source to augment current existing reporting of ADRs and health perceptions (87, 92, 93). 
In addition to issues of comparing ADRs with different measures, DIDs categorize and display ADRs differently which may lead to interpretation differences. Micromedex lists ADRs in the “Quick Answers” section as either common or serious. Categories within this section includes anatomical systems arranged by frequency of occurrence. For example, ‘dermatologic’ includes injection site reaction of 5-20% depending on the age category of the user.  The “In Depth” Answers’ section lists eight subcategories within the dermatologic section. Lexicomp presents adverse reactions by frequency in a similar fashion to the Micromedex “quick answers” section” with three categories of severity: greater than 10%, greater than/equal to 1-10%; and less than 1%. An anatomical system may appear in each of these categories. It is difficult to know precisely what to expect in terms of ADRs, nor how to compare them to other sources.
Systematic reviews have strengths and weaknesses in the presentation of ADRs. When compared to Twitter, they have the advantage of including studies that have a control group.  However, many of the adverse events listed in the treatment arm have similar frequencies in the control or placebo arm. Computation of an odds ratio for the ADRs could solve the difficulty in determining differences, but this is typically not feasible as most studies are only powered to detect differences in the primary outcome. For this study, we used the raw data in the treatment group, as this is more easily comparable to the data collected from social media. Some systematic reviews simply listed adverse effects that occurred in the included studies with no frequencies or gave frequencies for selected adverse effects only. The majority of systematic reviews were focused on clinical effectiveness. Outcomes in systematic reviews should be pre-specified at the protocol stage as which time the adverse effects may be unknown. These factors may explain some of the poor reporting of the ADR outcomes and may give an impression that there are no significant differences in adverse events. The various indications and range of study designs included in the systematic reviews meant that a plot of relative AE frequencies from the systematic reviews would be likely to produce a massive scatter because they were all so different. This confounds our subsequent comparison with other sources. We were therefore unable to produce a single consistent estimate from all the relevant systematic reviews that could be used to compare against Twitter or the DIDs, of FAERS data. Hence, we produced a rank order from only a small proportion of the systematic reviews available.
A strength of our study is that we identified ADRs that may not be known, were not reported to the FDA, or were not well described elsewhere. For example, UMLS concepts in tweets that were not mentioned in the DIDs were “sleep” and “nervous”. “Sleep” tweets included both ends of the spectrum, such as “day one on the new humira and I sleep the entire morning away,” and “this humira keeps me either awake or it only lets me sleep for two hours.” In general, however, TTwitter users appeared to associate lack of sleep to the drug, while the majority of tweets containing the ADR “nervousness/anxiety” referred not to how the drug made them feel, but to the anxiety that the act of self-injecting caused. For example, “still get nervous when injecting sometimes,” or “always get nervous giving myself a humira shot.” These tweets occur at a different frequency than ADRs reported to the FDA, presumably because they are not directly a cause of the drug, but are related to patient feelings about the drug. These two examples support our hypothesis that ADRs and patient perspectives (that are known and or unknown) are available in social media. The unknown concepts here may reflect a true ADR, or may reflect the subjective perceptions or sentiments associated with the drug, but in either case require further study.
Current ADE identification efforts have benefits and challenges. Challenges in interpreting tweets include limited length and the reflection of patients’ perceptions of a condition or drug when the condition may or may not be associated with the drug at all. Furthermore, the data mined may have privacy concerns. Additional limitations include reliability of tweets, but the semi-automatic process does provide a mechanism for excluding unrelated comments while capturing user perceptions. Scalability may be considered as limiting because the combined automated process of extracting tweets and subsequently compiling the clinical drug database reporting and conducting the systematic review took an enormous amount of work. However, limitations of automatic approaches may be alleviated as further advances are made in NLP methods applied to social media. Ongoing advances in NLP and normalization techniques will allow this type of comparison to be completed for multiple drugs. Studies such as ours motivate and give significance to those efforts. 
5. Conclusion
Twitter is a robust source of health related data, and as such it is important to continue to refine methods to best utilize it.  We conducted a prodigious comparison of tweets to known sources of ADRs information and determined the level of agreement.  Generally, concepts were in moderate agreement with known ADRs and there were concepts found in Twitter that were not in DIDs (e.g. nervous/sleep).  This study demonstrates that it is possible and worthy to harvest and compare ADRs found in social media to typical sources to augment what is known, while a large scale effort (that includes multiple medications) is still difficult given the level of effort required. Challenges of automatic approaches to analyze social media may be attenuated as further advances are made to automatic in NLP methods. 
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