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CLINICIAN’S CAPSULE

What is known about the topic?

Traditional conference evaluations might be limited in

evaluating conference knowledge translation.

What did this study ask?

How do Twitter metrics complement traditional confer-

ence evaluation.

What did this study find?

There is no correlation between Twitter metrics and

traditional evaluation, but Twitter metrics could be a

complementary tool to evaluate conference knowledge

dissemination.

Why does this study matter to clinicians?

Clinicians might wish to adopt Twitter to receive dissemi-

nated conference content.

ABSTRACT

Objectives: Conferences are designed for knowledge transla-

tion, but traditional conference evaluations are inadequate.

We lack studies that explore alternative metrics to traditional

evaluation metrics. We sought to determine how traditional

evaluation metrics and Twitter metrics performed using data

from a conference of the Canadian Association of Emergency

Physicians (CAEP).

Methods: This study used a retrospective design to

compare social media posts and tradition evaluations related

to an annual specialty conference. A post (“tweet”) on the

social media platform Twitter was included if it associated

with a session. We differentiated original and discussion

tweets from retweets. We weighted the numbers of tweets

and retweets to comprise a novel Twitter Discussion Index.

We extracted the speaker score from the conference

evaluation.We performed descriptive statistics and correlation

analyses.

Results: Of a total of 3,804 tweets, 2,218 (58.3%) were session-

specific. Forty-eight percent (48%) of all sessions received

tweets (mean = 11.7 tweets; 95% CI of 0 to 57.5; range,

0–401), with a median Twitter Discussion Index score of 8

(interquartile range, 0 to 27). In the 111 standard presentations,

85 had traditional evaluation metrics and 71 received tweets

( p > 0.05), while 57 received both. Twenty (20 of 71; 28%)

moderated posters and 44% (40 of 92) posters or oral abstracts

received tweets without traditional evaluation metrics. We

found no significant correlation between Twitter Discussion

Index and traditional evaluation metrics (R = 0.087).

Conclusions: We found no correlation between traditional

evaluationmetrics and Twitter metrics. However, in many ses-

sions with and without traditional evaluation metrics, audi-

ence created real-time tweets to disseminate knowledge.

Future conference organizers could use Twitter metrics as a

complement to traditional evaluation metrics to evaluate

knowledge translation and dissemination.

RÉSUMÉ

Objectif: Les congrès sont conçus pour favoriser l’application

des connaissances, mais les méthodes classiques d’évalu-

ation ne conviennent pas vraiment à l’objet visé, et il existe

peu d’études sur la recherche d’autres instruments demesure.

La présente étude avait donc comme objectif de comparer la

performance des méthodes classiques d’évaluation avec

celle d’indicateurs Twitter, à l’aide de données recueillies au

cours d’un congrès de l’Association canadienne desmédecins

d’urgence.

Méthode: Il s’agit d’une étude rétrospective dans laquelle ont

été comparées des publications dans les réseaux sociaux et

desméthodes classiques d’évaluation en lien avec un congrès

annuel de médecine de spécialité. Les publications (« gazouil-

lis ») faites sur la plateforme de réseau social Twitter étaient

retenues si elles se rapportaient à une séance. L’équipe a fait

la distinction entre les gazouillis originaux et les échanges, et
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les gazouillis partagés, puis a pondéré le nombre de gazouillis

originaux et de gazouillis partagés afin de constituer un nouvel

indice d’échanges sur Twitter. Le résultat de l’évaluation des

conférenciers a été tiré de l’évaluation du congrès. L’équipe

a finalement procédé au calcul de statistiques descriptives et

à des analyses de corrélation.

Résultats: Sur un total de 3804 gazouillis, 2218 (58,3%) se rap-

portaient à des séances en particulier. Quarante-huit pour cent

(48%) des séances ont fait l’objet de gazouillis (moyenne : 11,7;

IC à 95% : 0- 57,5; plage : 0-401) et le résultat médian de l’indice

d’échanges sur Twitter s’élevait à 8 (IIQ : 0-27). Sur les 111 pré-

sentations de type usuel, 85 ont été soumises à des évalua-

tions classiques; 71 ont suscité des gazouillis (p > 0,05) et 57

ont fait l’objet et d’évaluations classiques et de gazouillis.

Vingt séances d’affichage animées (20 sur 71; 28%) et 44%

(40 sur 92) des présentations par affiches ou des présentations

orales de résumés ont fait l’objet de gazouillis seuls. Il ne s’est

dégagé aucune corrélation significative de la comparaison

entre l’indice d’échanges sur Twitter et les instruments classi-

ques d’évaluation (ρ = 0,087).

Conclusion: Aucune corrélation n’a été établie entre les instru-

ments classiques d’évaluation et les indicateurs Twitter. Tou-

tefois, l’équipe a constaté que, durant bon nombre de

séances soumises ou non à des mesures classiques d’évalu-

ation, l’assistance envoyait des gazouillis en temps réel pour

diffuser des connaissances. Les organisateurs de congrès

futurs pourraient donc utiliser des indicateurs Twitter

comme instruments complémentaires des méthodes classi-

ques d’évaluation au regard de l’application et de la diffusion

des connaissances.

Keywords: Education, knowledge translation, social media

INTRODUCTION

Medical conferences are the largest venues for continu-
ing medical education. In addition to networking, they
aim to disseminate and advance research, and enhance
practice through education.1,2 In 2018, 1,303 health
and medical conferences were held in the United States,
with another 118 in Canada.3 However, they change
physician knowledge or patient outcomes minimally.3–5

Conferences are evaluated by traditional evaluation
metrics, but they are inadequate to assess knowledge
translation for several reasons. Traditional evaluation
metrics mostly focus on social experience, overall satis-
faction, and processes instead of learning outcomes or
commitment to change.6 They aggregate individual
responses and diminish potentially diverse input.7,8

With 30% to 40% response rates, there are also ques-
tions about their quality and utility.9 Overall, they pro-
vide little insight into how much conference research
knowledge is disseminated into practice.10

Given the emerging prevalence of social media in this
digital age, perhaps there are alternative metrics to com-
plement traditional evaluation metrics and provide
greater insight into the how conference knowledge dis-
seminates. Twitter, an online micro-blogging service
launched in 2006, enables people to communicate in
real-time by means of limited character entries (initially
140, now expanded to 280), called “tweets.”These tweets
can be repeated by anyone reading them, known as
“retweets.” Twitter aligns with social-constructivist
pedagogy of seeking, sharing, and collaborating.8,10 It

has transformed communication in journalism, public
health research, and emergency response. Academics
use Twitter to obtain and share real-time information,
expand professional networks, and contribute to wider
conversations.11 Educators use Twitter as virtual com-
munities of practice, sharing innovations and feedback
informally despite brief interactions.12–14 Furthermore,
Twitter metrics have been compared with other trad-
itional metrics in knowledge translation for published
articles. They can predict highly cited articles within
the first 3 days of publication. They correlate signifi-
cantly with traditional bibliometric indicators (reader-
ship, citations) in some journals.7,9,15 They also
correlate with citations at Google Scholar™ (a free
online search engine for scholarly literature including
articles, theses, books, abstracts). Twitter metrics predict
top-cited articles with 93% specificity and 75%
sensitivity.9,16

In medical conferences, Twitter has been shown to
disseminate research knowledge.17–26 Attendees tweet
presented results.22 Those absent from the conference
read these tweets, and some choose to retweet to their
followers onTwitter, creating a second tier of knowledge
dissemination. Some might add their own comment in
the retweets. This retweeting can continue for many
tiers to diffuse knowledge.21 With increasing Twitter
activity in conference in recent years, some authors
encouraged conference organizers to encourage Twitter
use for maximum effectiveness.27 Aside from content
broadcasting, Twitter might be useful for evaluation
and community discussion. With this in mind, authors
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have suggested that Twitter could be a novel real-time
speaker impact evaluation tool23 (see Table 1). Perhaps
Twitter metrics can complement what is frequently
missed by traditional evaluation metrics. To our knowl-
edge, there has not been a study that compares Twitter
metrics to traditional evaluation metrics as a speaker
impact evaluation tool. We, therefore, asked:

1. Do Twitter metrics correlate with traditional evalu-
ation metrics?

2. How do these two metrics measure speaker impact
differently?

METHODS

This study used a retrospective design. The hashtag
(a metadata tag in Twitter) #CAEP14 was prospectively
registered with Symplur, an online Twitter management
tool, so that all tweets bearing the hashtag #CAEP14
(Canadian Association of Emergency Physicians confer-
ence 2014) were archived. Attendees were encouraged to
tweet using this hashtag. All tweets that date from the
start date of the conference to 30 days afterward were
collected.
Two authors (S.Y. and S.D.) independently assessed

each tweet for inclusion. Table 2 described the inclusion
and exclusion criteria of each tweet.
We developed a classification system (see Table 3) to

differentiate original tweets from retweets, and tweets
that generated further discussion. All researchers dis-
cussed and agreed upon a coding scheme. Two authors
assessed and coded the first 200 tweets together to ensure
a uniform approach to coding, and independently coded
the remaining tweets. All tweets were revisited and

coding discrepancies were resolved by consensus
among the study team. Manual coding was chosen
based on previous literature, because content analysis is
hampered by brevity and unconventional forms of writ-
ten expression.28

With the consent of CAEP, all available conference
speaker evaluations from the CAEP 2014 conference
were collected confidentially. One author (S.Y.)
reviewed conference speaker evaluations, and abstracted
the value corresponding to the rating item “The speaker
was an effective communicator.” We chose this because
it was the only one item specific to a speaker rather than
the whole session (in which multiple speakers would
speak). We believed this was the most appropriate unit
as the tweets were aimed at specific speaker and not the
whole session.
We calculated descriptive statistics using proportions,

means, or medians with standard deviations of interquar-
tile ranges (IQRs) as appropriate. Means and propor-
tions were compared using t-tests with reported
p-values. Linear correlation analyses, using Pearson’s
R, were calculated to compare conference evaluation
scores and Twitter metrics.
To quantify the impact of tweets, we proposed a novel

theory-based Twitter Discussion Index. This index
included all original tweets (Class 1 – Disseminating
tweets and Class 2 – Engagement tweets) and retweets

Table 1. Properties of traditional evaluation metrics v. Twitter

Traditional evaluation metrics Twitter

• Static
• Focus on participant
satisfaction and processes (8)

• Aggregate individual
responses (7)

• Questionable utility and
quality (43)

• Little insight on research
dissemination (10)

• Contemporaneous
• Disseminate breaking
results (22)

• Could disseminate tiers of
knowledge (21)

• Available to public and those
absent

• Could involve active debate
(31,32)

Table 2. Inclusion and exclusion criteria

Inclusion criteria Exclusion criteria

• Contain #CAEP14 AND
• Attributable to a specific
session:

• Mentions speaker name, or,
• Matches session content and
timing

• Not about session content
(e.g.: logistics, social)

• Advertises a session
beforehand

• Not attributable to a specific
session

Table 3. Tweet classification system

Class Description

Disseminating (1) Tweet including direct quotes from speakers’
talks

1R Retweet of Class 1 tweets
Engagement (2) Tweet that discuss points stemming from

speakers’ talks
2R Retweet of Class 2 tweets

Twitter as a complementary conference evaluation tool for knowledge translation
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(Class 1R and Class 2R). We have defined the Twitter
Discussion Index to be as follows:

Twitter Discussion Index = 2 x Class 1 (Disseminating)
+ 3 xClass 2 (Engagement) + Class 1R + Class 2R

We weighted the components of this equation based on
our lens of Twitter as aligned with social-constructivist
pedagogy.8,29 Through Class 1 tweets, users construct
and disseminate their own understanding. Class 2 tweets
create important networks of interactivity and virtual
communities of practice, and are vital to further layers
of discussion. Nonoriginal retweets (Classes 1R and
2R) are endorsements and amplify the message spread.

RESULTS

Description of Twitter data

In total, 3,804 tweets contained the hashtag #CAEP14,
and fell within the prescribed date range. Of these,
2,419 (63.59%)were included. The others were excluded
as they had no relation to content. (Examples of excluded
tweets: personal communications, logistics about room
locations, reminders for upcoming sessions.) Forty-eight
percent (48%) of sessions received at least one tweet
(mean = 11.7 tweets; 95% CI of 0 to 57.5; range,
0–401). Included tweets were classified as follows: 634
(26.21%) were Class 1; 1,276 (52.75%) were Class 1R;
190 (7.85%) were Class 2; and 319 (13.19%) were
Class 2R (Table 4).
Plenary sessions and sessions that encouraged audi-

ence input received a much higher number of tweets
(mean = 219.8 tweets, overall conference mean per ses-
sion = 11.7 tweets).

Comparison between Twitter metrics and traditional
evaluation metrics

In this conference, therewere 274 sessions total including
standard presentations (111), posters (71) and abstracts
(92).Only the 111 standardpresentations have traditional
evaluation metrics for attendees to fill. Within these 111
standard presentations, 85 (76.58%) received traditional
evaluation metrics, and 71 (63.96%) received tweets.
Fifty-seven (57 of 111; 51.35%) standard presenta-

tions received both traditional evaluation metrics and
tweets. Of the 26 standard presentations with no

traditional evaluation metrics, 14 received tweets. Of
the 40 standard presentations that received no tweets,
14 received traditional evaluation metrics.
In all sessions (including standard presentations,

posters, and abstracts), 48% (131 of 274) received
tweets (mean = 11.7 per session). For the posters and
abstracts when no traditional evaluation metrics were
available, 28% (20 of 71) moderated posters and 44%
(40 of 92) posters or oral abstracts received tweets (see
Figure 1).
In sessions with both tweets and evaluation scores

(n = 57) there was no significant correlation between
the number of tweets (any Class), Twitter Discussion
Index, and the evaluation scores. The median
traditional evaluation metrics score was 3.61 of 5,
IQR of 3.4 to 3.7 (see Figure 2).

DISCUSSION

Interpretation of findings

Medical conferences are venues designed to bridge the
gap between research and practice,1 but static traditional
evaluation metrics are not designed to assess knowledge.
Given the emerging prevalence of social media in this
digital age, we sought to study whether Twitter metrics
can complement traditional evaluation metrics and pro-
vide greater insight how medical conferences translate
knowledge.
We found no correlation between traditional evalu-

ation metrics and Twitter. This is not due to discordant
results between the two (such as highly tweeted session
receiving low scoring traditional evaluation metrics).
Rather, we were unable to correlate the measures due
to a lack of traditional evaluation metrics and a narrow
range of scores in those available (median score of 3.61
out of 5 with IQR of 3.4 to 3.7).

Table 4. Classification of tweets from conference

Description Number of tweets

Total 3,804
Included tweets (n) 2,419 (63.6% of total)
Disseminating (1) 634 (26.2% of n)
1R 1,276 (52.8% of n)
Engagement (2) 190 (7.9% of n)
2R 319 (13.2% of n)
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While tweets were generated in a similar rate in ses-
sions with traditional evaluation metrics, a substantial
percentage of sessions without traditional evaluation
metrics (by design before conference) generated tweets.
Tweets displayed awide variation of total number among
sessions. Most tweets focused on knowledge content
rather than logistics or processes, similar to previous
studies.19,25 The majority of tweets (78.95%) dissemi-
nated content (Class 1 and Class 1R), and the rest
(21.04%) sparked further debate as “discussion” tweets
(7.9%were “discussion” tweets and 13.2%were retweets
of those).

Comparison to previous studies

We found that our Twitter metrics are similar to previ-
ous conferences.19,22,24,25 These metrics might provide
information about knowledge translation and dissemin-
ation that traditional evaluation metrics lack. These
qualities are derived from the nature of the social
media platform: real-time, accessible, searchable, and
focused on knowledge acquisition and transfer. We will
discuss these qualities below.
Twitter metrics are real-time. Didactic conference

sessions suggest a single focus of attention, and restrict
individuals to the role of either speaker or listener.20

Feedback, collaboration, and interaction are often miss-
ing.30 By contrast, Twitter engages. Discussion typically
involves active debate, despite character limit.31,32 Desai
advocated that real-time feedback might be less sub-
jected to bias than traditional evaluationmetrics.33 Twit-
ter feedback may improve presentation quality,
particularly if speakers were informed of the need for
clear key messages. Even though higher Twitter metrics

might reflect more knowledge translation and dissemin-
ation, there are caveats. Elements such as audience size
and content that is extreme, shocking, humorous, or
controversial would change tweets.14 Tweets can also
be an echo chamber of comments representing shared
opinion rather than knowledge translation.14 Others
cautioned the risk of sensationalism inflating the tweet
numbers, or presenters “sterilizing” down their content
for risk of being misquoted or misinterpretated.23 As
there is little anonymity on Twitter, it might deter
those writing negative feedback. Retractions and errata
from authors are rare and might be unnoticed on
Twitter.14 Content analysis of tweets might mitigate
these risks in future studies, but no formal process of
fact checking is in place as of yet.
Traditional evaluationmetrics are reviewed by organi-

zers and speakers only, while Twitter is accessible to a
community. Tweets are archived and searchable, making
it an attractive feature for future reference. Contrary to
other social media sites (e.g., Facebook, private institu-
tion site), Twitter reaches further than a specific group.
Rather, posted messages are public by default. They
can be searched and tracked by hashtags. Each Twitter
user can create public posts to initiate discussions and
to participate in debates.34,35 Bakshy et al. discovered
that tweets tend to propagate in a power law distribution,
with a small number of tweets being retweeted thousands
of times.36 These retweeters are the key to wide knowl-
edge dissemination.17 Because the retweeters do not
need to be present in the conference, the impact is not
dependent on the size of conference attendees. While
traditional evaluation metrics focused on satisfaction

Figure 2. Mean evaluation score v. log of twitter discussion

index per session. Note the much higher variability of the

Twitter Discussion Index compared with that of the mean

evaluation score.

Figure 1. Sessions receiving conference evaluations and

tweets separated by type.
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and reactions instead of learning, tweets are largely about
learning points, aligning with just-in-time learning and
knowledge transfer. Also, despite the small character
number of tweets, they were often robust and clinically
relevant.22,37,38 It is also possible that tweets can impact
long-term retention by mechanisms such as retrieval
practice (from the audience tweeting), feedback (from
correcting others on Twitter), and spaced repetitions
(from tweets and retweets).39

STRENGTHS AND LIMITATIONS

Our study is the first one that compares traditional evalu-
ation metrics with Twitter metrics, and we had a novel
way to differentiate between different levels of contem-
poraneous tweets.
We captured only tweets that bore the conference

hashtag (#CAEP14). It is possible that there were related
tweets without it or that some bore the wrong hashtag.
As a result, these tweets might have been missed. In add-
ition, the Twitter Discussion Index does not discrimin-
ate between positive tweets and negative tweets. In
previous studies, Twitter metrics can also be a marker
of strong disagreement, research error, or frank miscon-
duct.40 Even though we encountered no tweets with
strong sentiment of disagreement in our study, this is a
potential limitation of the Twitter Discussion Index.
Also, this study only has data from one conference

during a single year, limiting its conclusion.

RESEARCH IMPLICATIONS

Given that Twitter could be an informative metric, we
propose that our Twitter Discussion Index be treated as
ameasure of “disseminative impact”, similar to published
articles generating “buzz”with altmetrics leading to high
citations.41 It might be used to complement traditional
evaluation metrics in future conference evaluation as a
key performance indicator of engagement and impact.42

CONCLUSION

Traditional evaluationmetrics are inadequate to evaluate
medical conference presentations for knowledge transla-
tion. Tweets by conference attendees could amplify
knowledge translation and dissemination. Tweets are

real-time, accessible, searchable, and describe knowl-
edge transfer. We found Twitter metrics a more
nuanced evaluation tool that complements traditional
evaluation metrics. We propose a novel index for the
use of this tool. We recommend conference organizers
to adopt Twitter metrics and Twitter Discussion
Index as a measure of knowledge translation and
dissemination.
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