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Aims Mobile learning is attributed to the acquisition of knowledge derived from accessing information on a mobile de-
vice. Although increasingly implemented in medical education, research on its utility in Electrocardiography remains
sparse. In this study, we explored the effect of mobile learning on the accuracy of electrocardiogram (ECG) analysis
and interpretation.

...................................................................................................................................................................................................
Methods
and results

The study comprised 181 participants (77 fourth- and 69 sixth-year medical students, and 35 residents).
Participants were randomized to analyse ECGs with a mobile learning strategy [either searching the Internet or
using an ECG reference application (app)] or not. For each ECG, they provided their initial diagnosis, key support-
ing features, and final diagnosis consecutively. Two weeks later, they analysed the same ECGs, without access to
any mobile device. ECG interpretation was more accurate when participants used the ECG app (56%), as com-
pared to searching the Internet (50.3%) or neither (43.5%, P = 0.001). Importantly, mobile learning supported par-
ticipants in revising their initial incorrect ECG diagnosis (ECG app 18.7%, Internet search 13.6%, no mobile device
8.4%, P < 0.001). However, whilst this was true for students, there was no significant difference amongst residents.
Internet searches were only useful if participants identified the correct ECG features. The app was beneficial when
participants searched by ECG features, but not by diagnosis. Using the ECG reference app required less time than
searching the Internet (7:44 ± 4:13 vs. 9:14 ± 4:34, P < 0.001). Mobile learning gains were not sustained after 2
weeks.

...................................................................................................................................................................................................
Conclusion Whilst mobile learning contributes to increased ECG diagnostic accuracy, the benefits were not sustained over

time.
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..Introduction

The current generation of medical students and residents, who are com-
monly referred to as ‘millennials’, often seek technologically enhanced
means of education.1–3 Mobile learning, an educational method that is
attributed to the acquisition of knowledge derived from accessing infor-
mation on a mobile device,4,5 is increasingly being deployed in medical
education.6 Medical students and healthcare professionals no longer
carry bags around through the hospital, loaded with heavy textbooks
that could potentially be out of date. Instead, they now have access to
the same educational resources, and much more, on their personal
handheld mobile devices, be it a smartphone or tablet.7 Mobile technol-
ogy allows for the delivery of educational content which is easy to ac-
cess,8 up to date,9 and often enriched with graphics and multimedia.10 In
this regard, information is accessed through applications or ‘apps’ that
are downloaded onto the smartphone or tablet. These applications are
tailor-made, with a specific purpose and use.10

One way of accessing information on a mobile device is by using an
app that functions as a browser to search the world wide web.7,11 A
typical example of a search engine used for this purpose would be
Google.12 The advantage of browsing the Internet from a mobile de-
vice is that a vast amount of knowledge can be accessed through
search terms of their choice and websites of their preference. The

downside, however, is that the mobile device requires a connection
to the Internet, either by Wi-Fi or cellular connection, for the search
engine to access the information.13 This is a potential limitation of
mobile learning, especially for users in low- and middle-income coun-
tries. Furthermore, a potential pitfall of using search engines for mo-
bile learning is that students may access information that is not
necessarily peer-reviewed.10

Alternatively, applications that serve as a point of reference for a
certain subject matter can be downloaded onto mobile devices.10,14

The information contained in these applications is accessed with or
without Wi-Fi or cellular connection to the Internet. Although some
of these apps are free, many are purchased or have in-app purchases,
to access their full educational content. Although mobile health appli-
cations that are used for patient monitoring undergo regulatory test-
ing prior to release in app stores, it is an ongoing concern that
medical education apps are not routinely peer-reviewed to ensure
that the educational content is accurate and up to date.15

Although mobile learning is gaining ground, research on its utility in
medical education remains sparse.5 Moreover, to the best of our
knowledge, there is no prior study assessing the impact of mobile
learning on achieving more accurate electrocardiogram (ECG) ana-
lysis and interpretation amongst medical students or residents.16

There is no evidence to suggest that educational apps with curated
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.content are better than unguided Internet searches in aiding novice
clinicians with the process of making accurate ECG diagnoses.

In this study, we aimed to (i) assess whether medical students or
residents were more accurate with their ECG interpretation when
using an ECG reference app or searching the Internet, or neither; (ii)
establish whether medical students or residents revised their initial
diagnosis after identification of ECG features in support of the diag-
nosis, and whether this was influenced by having access to an ECG
reference app or searching the Internet, or neither; (iii) determine
the search strategies on the Internet and the ECG reference app, and
how this impacted on the accuracy of ECG interpretation; (iv) deter-
mine the time differences between using an ECG reference app as
compared to searching the Internet or neither; and (v) ascertain mo-
bile learning preferences in Electrocardiography amongst under-
graduate and postgraduate trainees.

Methods

We invited undergraduate and postgraduate students from the University
of Cape Town (UCT) to participate in this study. Undergraduate partici-
pants included fourth- and sixth-year medical students. The fourth-year
Internal Medicine clerkship is their first exposure to clinical medicine,
whereas the sixth-year Internal Medicine clerkship is the final clinical clerk-
ship before graduating as a medical doctor. Hereafter, the fourth- and
sixth-year medical students are referred to as junior and senior students,
respectively. Postgraduate students comprised residents from the
Department of Medicine, with at least 4 years of clinical work experience.

Ethical approval was obtained from the Human Research Ethics
Committee (HREC) at the Faculty of Health Sciences (HREC reference
number 111/2018), as well as institutional permission from the
Department of Student Affairs at UCT. All participants signed informed
consent prior to enrolment to the study. Participation did not contribute
to their year marks.

Study design
As shown in Figure 1, we employed a mixed methods research strategy,
which included two quantitative ECG tests (to determine ECG diagnostic
accuracy) and a qualitative survey (designed to elicit feedback on mobile
learning preferences in Electrocardiography):

• Test 1, conducted on entry to the study, was designed to measure the
utility of mobile learning (i.e. comparing ECG diagnostic accuracy with
access to an ECG app, searching the Internet or using neither);

• Test 2, conducted 2 weeks later, was designed to determine retention of
knowledge after the initial mobile learning exposure (i.e. subsequent
ECG interpretation without access to the ECG app or the Internet); and

• The survey was completed immediately after Test 2.

Mobile platforms tested as point of reference
The mobile learning platforms (educational interventions) that were
compared to using no mobile device (control) were:

• A search engine (e.g. ‘Google’) for Internet browsing: participants were not
guided in the use of search terms or the websites they accessed during
ECG analysis and interpretation. All participants had free access to
Wi-Fi (i.e. ‘eduroam’), which is available to all enrolled undergraduate
and postgraduate students at the University.

• An algorithm-based ECG reference app, ECG APPtitude, developed by
the Division of Cardiology at UCT. ECG APPtitude is a comprehen-
sive reference guide to the systematic analysis and interpretation of
the 12-lead ECG. The content is structured according to normal and
abnormal features on the ECG for both rhythm abnormalities
(Figure 2A) and morphological abnormalities (Figure 2B), as well as
ECG diagnoses (Figure 2C). The text is accompanied by annotated
ECGs and illustrations, which explain the mechanisms of normal and
abnormal rhythms and morphological patterns. The diagnostic features
are shown for each ECG. Participants downloaded the app, free of
charge, from the App Store (in the case of iOS handheld devices) or
Google Play (in the case of Android handheld devices) at enrolment
to the study.

Test 1 (measuring utility of mobile learning)
The first ECG test took place at study entry, and consisted of three parts

• For the first set of three ECGs, the participants were not permitted to
use any mobile devices to assist them with the ECG analysis and inter-
pretation. These ECGs served as the control for ECGs that were sub-
sequently analysed with the help of a mobile device (Figure 3A).

• For the second set of three ECGs, participants were asked to browse
the Internet by means of a search engine (e.g. ‘Google’) from their phone or
tablet to assist them with the ECG analysis and interpretation, after
they have provided their initial ECG diagnosis. Participants could ac-
cess any website of their choice. They were asked to indicate, for
each ECG, which website they accessed and what search terms they
used. These ECGs served as part of the educational intervention (mobile
learning), to assess the value of unguided Internet searches, not restricted
to content that is necessarily peer-reviewed (Figure 3B).

• For the third set of three ECGs, participants were required to use the
ECG reference app (‘ECG APPtitude’) downloaded onto their mobile device
during their ECG analysis and interpretation, after they have provided
their initial ECG diagnosis. Participants were asked to indicate which
section of the app they accessed for each ECG [i.e. section on ECG
features (rhythms, waveforms) or section on ECG diagnoses]. These
ECGs served as part of the educational intervention (mobile learning), to
assess the value of accessing curated content in a customized algorithm-
based app (Figure 3C).

As shown in Figure 1, participants were randomized to three groups.
All groups analysed and interpreted the same set of nine ECGs, but a ran-
domization process determined the order in which they analysed the
ECGs (Table 1). For each participant, the order in which the ECGs were
analysed determined which ECGs would be analysed without any mobile
device (Figure 3A), or with a mobile device from which they could either
search and browse the Internet freely (Figure 3B) or use the ECG refer-
ence app (Figure 3C). The randomization ensured that each of the nine
ECGs was analysed and interpreted by participants who had access to
mobile learning [browsing the Internet from a search engine (‘Google’),
or the ECG reference app (‘ECG APPtitude’)] or neither.

The ECG test was administered online at UCT’s Faculty of Health
Sciences computer laboratories. The test was password-protected and
invigilated to ensure that participants used the mobile learning platform,
or not, as determined and specified by the randomization schedule. For
easy recognition by the invigilators, and to ensure that the participants
used the correct mobile platform for each ECG, the background screen
was white for ECGs that were assessed without a mobile device. ECGs
that were analysed with the help of browsing the Internet were displayed
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.with a green background, and those analysed with the reference app had
a blue background.

As illustrated in Figure 3A–C, participants were asked to provide an ini-
tial diagnosis (‘spot diagnosis’) for all ECGs in the test. Once this answer
was submitted, participants were asked to provide the key features on
the ECG, both normal and abnormal, that supported the ECG diagnosis.
From this point onwards, they were allowed to search the Internet, con-
sult the ECG reference app or use neither mobile learning strategy, as
was predetermined by the study randomization schedule. Participants
could not go back to alter their initial diagnosis. Once they had identified
the characteristic features supporting the ECG diagnosis, they were asked
to provide their final ECG diagnosis.

Participants provided their answers in free text form on the online
test. These typed answers were marked by the investigators (J.H., E.M.,
and L.H.) according to a marking memorandum, containing the ECG diag-
nosis and supporting key features (Supplementary material online). The
answers were checked (C.A.V.) and entered into a purpose built database

hosted on REDCap.17 The investigators agreed that the nine ECGs used
in the ECG tests were unequivocal examples of the conditions tested.
The investigators also reached full agreement with supporting features of
each ECG diagnosis, as listed in the marking memorandum
(Supplementary material online).

The online tests registered the time from opening the question to sub-
mitting the final answer. This allowed the investigators to measure how
long it took to analyse and interpret each ECG.

Test 2 (assessing retention of knowledge)
Participants were asked to complete a second ECG test, 2 weeks after
the first test, to test their retention of knowledge (Figure 1). The second test
consisted of the same nine ECGs that participants analysed and inter-
preted in the first test. However, during the second test, participants
could not use any mobile technology (for Internet searches or accessing
the ECG reference app) to assist in the ECG analysis and interpretation.

Group A Group B Group C

Internet search

ECG app

No mobile device ECG 1 to 3

ECG 4 to 6

ECG 7 to 9

ECG 1 to 3

ECG 1 to 3ECG 4 to 6

ECG 4 to 6ECG 7 to 9

ECG 7 to 9

Test 1 
At enrolment

Test 2 
Two weeks later

Group A Group B Group C

No mobile device ECG 1 to 9 ECG 1 to 9ECG 1 to 9

Survey 
After Test 2 Group A Group B Group C

Randomization

Junior 
students

Medical
residents

Senior 
students

Figure 1 Study flow.
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A

B

C

Figure 2 The content in this app is organized by features and by diagnoses. The section on Rhythm Analysis (A) provides approaches and differential
diagnoses for different rate and rhythm abnormalities, whereas the section on Waveform Analysis (B) provides the normal parameters, as well as the
differential diagnoses for abnormal waveforms. The section on ECG interpretation (C) provides a list of ECG diagnoses, where the key ECG features
are given for each diagnosis.
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The correct answers for the nine ECGs used in both tests were only pro-
vided to participants after they submitted the second ECG test.

Survey on use of mobile learning in

Electrocardiography
After completion of the second ECG test, participants were asked to
complete a survey on mobile learning (Figure 1). The survey collected
data of which mobile device (i.e. phone, tablet) they preferred using to ac-
cess information, and what the operating system on the device was (e.g.
Apple, Android). They were asked to indicate how often they studied by
means of mobile learning, i.e. searching the Internet from mobile device

(e.g. Wikipedia, other web sites) or studying from apps (e.g. ECG
APPtitude, other apps) for Electrocardiography. Participants were also
asked to comment on the limitations of mobile learning.

Statistical analysis
Data were exported from REDCap.17 Data exploration and analysis
were done in Stata (V.14.2; Stata Corp, College Station, TX, USA).
Descriptive statistics were used to summarize the ECG test scores and
the time that it took to analyse and interpret each ECG and the survey
feedback. Continuous variables were described using means ± standard
deviations (SDs). Categorical data were expressed as frequency and pro-
portion and compared using the Chi-square test. Variables were com-
pared between the ECG reference app, searching the Internet and no
access to mobile device. Associations between correcting an initial incor-
rect ECG diagnosis and the search strategy used (searching the Internet
or using the app) were assessed using odds ratios (ORs) determined by
logistic regression. The differences in time spent on ECG analysis and in-
terpretation with the assistance of the ECG app, searching the Internet
or having access to no mobile device were analysed by means of one-way
analysis of variance. Where applicable, a P-value of <0.05 was considered
statistically significant, and 95% confidence intervals (CIs) were used to
determine the precision of estimates.

Results

Our study comprised 181 participants, of which 77 (42.6%) were jun-
ior medical students, 69 (38.1%) were senior medical students and
35 (19.3%) were residents. All participants completed the first test
and 135 (74.6%) completed the second test [i.e. 62/69 (89.9%) junior
students, 45/69 (65.2%) senior students, 28/35 (80%) residents].

No access to mobile device (No Internet searches; No access to ECG reference app)

Time measured

ECG shown

Provide 
nal 

diagnosis

Provide 
key ECG features

supporting diagnosis

Provide 
initial

diagnosis

Access to searching the Internet from mobile device

ECG shown

Time measured

Provide 
nal 

diagnosis

Provide 
key ECG features

supporting diagnosis

Provide 
initial

diagnosis

No mobile device used

Provide 
nal 

diagnosis

Provide 
key ECG features

supporting diagnosis

Access to ECG reference app

Time measured

ECG shown

Provide 
initial

diagnosis

No mobile device used

A

B 

C

Figure 3 Participants were asked to provide an initial diagnosis
(spot diagnosis) for each ECG. Once the answer was submitted,
participants were asked to provide the key features on the ECG
that supported the diagnosis. They could then proceed to providing
their final diagnosis. Analysis and interpretation of the first three
ECGs occurred without access to any mobile device (A). For the
subsequent sets of three ECGs, participants could search the
Internet freely (B) or access the ECG reference app (C) respectively
from their mobile devices, during ECG analysis and interpretation.

.................................................................................................

Table 1 Each ECG was analysed by a group of partici-
pants who had access to a mobile device or not. When
access to a mobile device was allowed, the randomiza-
tion process determined whether they could search the
Internet freely or access the ECG reference app

No mobile device Internet search ECG app

ECG 1 Group A Group B Group C

ECG 2 Group A Group B Group C

ECG 3 Group A Group B Group C

ECG 4 Group C Group A Group B

ECG 5 Group C Group A Group B

ECG 6 Group C Group A Group B

ECG 7 Group B Group C Group A

ECG 8 Group B Group C Group A

ECG 9 Group B Group C Group A

ECG 1, third degree AV block (complete heart block); ECG 2, inferior ST-seg-
ment elevation myocardial infarction (STEMI); ECG 3, atrial flutter; ECG 4, hyper-
kalaemia; ECG 5, Mobitz type I second degree AV block; ECG 6, atrial fibrillation
(AF) with uncontrolled rate; ECG 7, right ventricular hypertrophy (RVH); ECG 8,
Mobitz type II second degree AV block; ECG 9, ventricular tachycardia (VT).

Utility of mobile learning in Electrocardiography 207
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Accuracy of final ECG interpretation
with different mobile learning platforms
In Test 1, final ECG diagnoses were significantly less accurate
amongst participants who did not have access to any mobile learning
strategy (43.5%), as compared to those who used the ECG app (56%,
P < 0.001) or searched the Internet (50.3%, P < 0.030). However,
there was no significant difference in diagnostic accuracy when com-
paring use of the app to an Internet search (P = 0.068) (Figure 4).

Subgroup analyses of the Test 1 data showed that the diagnostic
accuracy of senior medical students was significantly influenced by
the use of mobile learning strategies. As compared to ECG interpret-
ation without mobile learning support (32.7%), diagnostic accuracy
was significantly better when using the app (51.8%, P < 0.001) or
searching the Internet (48.7%, P = 0.001). Although the gains were
more pronounced with the app, these were not significantly better
than with Internet searches. In contrast, junior medical students did

not benefit from using the Internet, as compared to unsupported
ECG analysis. Their diagnostic accuracy was significantly better when
using the app (54.8%) as compared to searching the Internet (45.3%,
P = 0.048) or not having access to these mobile learning strategies
(45.2%, P = 0.044). Residents did not benefit from the use of either
mobile learning strategy (Figure 4, Test 1).

Two weeks later, repeat testing (using the same ECGs) with no ac-
cess to the Internet or ECG app for any of the ECGs, showed that
there was no difference in diagnostic accuracy amongst any of the
cohorts (Figure 4, Test 2).

Revision of initial ECG interpretation
with different mobile learning platforms
As shown in Figure 5, participants made a correct initial and final diag-
nosis for a third of the ECGs, regardless of whether they had access
to the ECG app, could search the Internet, or neither. Overall, the

Figure 4 Accuracy of final ECG interpretation, after having had access to no mobile device, searching the Internet or accessing the ECG reference
app. The results of Test 1 are shown for junior and senior medical students, medical residents and all participants. Two weeks later, during Test 2, the
same ECGs were analysed without access to a mobile device. The results shown for junior and senior medical students, medical residents and all par-
ticipants, and are categorized according to whether the ECGs were analysed 2 weeks prior without access to a mobile device, or having access to a
mobile device and able to search the Internet or access the ECG reference app. Data were expressed as proportions and compared using the Chi-
square test. Significant differences between subgroups are indicated as follows: ***P < 0.001, **P < 0.01, and *P < 0.05.

208 C.A. Viljoen et al.
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diagnostic accuracy of residents was greater than that of senior and
junior medical students (P < 0.001).

Figure 5 also shows that access to the ECG app or searching the
Internet contributed to a greater proportion of ECGs for which par-
ticipants changed their incorrect initial diagnosis to a correct final
diagnosis. The greatest gains were amongst the ECGs with which the
participants could use the ECG reference app (18.7% with ECG app,
13.6% when searching the Internet, 8.4% without any mobile learning
strategy, P < 0.001). Subgroup analyses showed that whilst this was
true for senior and junior medical students, the residents did not
show any benefit of accessing the app, or searching the Internet, over
having no access to a mobile device.

Mobile learning search strategies and
their impact on diagnostic accuracy
Life in the Fast Lane (https://litfl.com) was the website that was the
most frequently accessed by participants in this study [327 (56.48%)
ECGs]. Participants used the images that appeared on the Google
search as their point of reference for 82 (14.2%) ECGs and

Wikipedia (en.wikipedia.org) for 16 (2.8%) ECGs. Figure 6 shows that
trainees improved their diagnostic accuracy if they searched the
Internet using the correct ECG features (OR 2.24, 95% CI 1.34–3.76)
or ECG diagnosis (OR 2.38, 95% CI 1.42–3.99). This was not true if
they used the wrong ECG features or diagnoses as search terms.
Indeed, if participants reported any wrong features on the ECG, they
were not likely to revise an incorrect initial diagnosis when searching
the Internet (OR 0.24, 95% CI 0.12–0.49).

When using the ECG reference app, participants preferred to
look up ECGs by their diagnosis (49.1%) (Figure 2C), rather than
their features [31.59% rhythm features (Figure 2A), 32.26% wave-
form features (Figure 2B)]. However, as depicted in Figure 6, train-
ees only improved their diagnostic accuracy if they searched the
app for abnormal waveforms (OR 2.62, 95% CI 1.23–5.53) or
rhythm features (OR 2.43, 95% CI 1.18–5.00 for bradyarrhyth-
mias; OR 2.12, 95% CI 1.42–4.40 for tachyarrhythmias). This was
not possible if they reported any wrong features on the ECG (OR
0.12, 95% CI 0.05–0.26). Searching the app by ECG diagnosis did
not improve their diagnostic accuracy.

p < 0.001

p = 0.995

A Senior students
n = 69

C
Medical residents

n = 35

B

Initial diagnosis correct, but nal diagnosis incorrect

Initial diagnosis and nal diagnosis both incorrect

Initial diagnosis incorrect, but nal diagnosis correct

Initial diagnosis and nal diagnosis both correct

p = 0.049

Junior students
n = 77

D
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Figure 5 The proportion of ECGs for which the participants gave a correct or incorrect initial diagnosis and subsequently changed to a correct or
incorrect final diagnosis, or not. The ECGs are categorized as to whether the participants had no mobile device, could search the Internet, or access
the ECG app. Whilst junior (A) and senior medical students (B) were influenced by searching the Internet or accessing the ECG app when changing an
incorrect initial diagnosis to a correct final diagnosis, this was not true for medical residents (C). Overall (D), the greatest gains were present with
ECGs for which participants had access to the ECG reference app.
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mobile learning platforms
Table 2 shows that there was a significant difference in the time
(measured in minutes:seconds, displayed as mean 6 SD) taken to ana-
lyse and interpret the ECGs in Test 1, depending on whether or not
participants browsed the Internet (9:14± 4:34) or accessed the ECG
reference app (7:44± 4:13, P < 0.001). This was true for all partici-
pants; subgroup analyses confirmed the same findings in residents
and students. Students spent more time with the app (junior students

8:22 ± 4:37; senior students 7:34± 3:58) than residents (6:44 ± 3:34),
whereas residents spent more time searching the Internet
(10:55± 5:02) from their mobile devices than students (junior stu-
dents 8:59± 4:23; senior students 8:37 ± 4:18).

Mobile learning preferences in
Electrocardiography
As shown in Table 3, smartphones were the preferred device for mo-
bile learning. The most important barrier to the use of mobile devices

alities

1 10 1000.10.01

Using ECG reference app

Searched for rhythm features for ECGs with bradycardia

Searched for rhythm features for ECGs with tachycardia

Searched by diagnosis for ECGs with bradycardia

Searched by diagnosis for ECGs with tachycardia

Searched by diagnosis for ECGs with abnormal waveform morphology

Searched incorrect ECG diagnosis on the web

Searched incorrect ECG features on the web

Searched correct ECG diagnosis on the web

Searched correct ECG features on the web

Browsing the Internet

Search strategy on mobile device

2.24 (1.34 - 3.76)

2.38 (1.42 - 3.99)

0.26 (0.08 - 0.85)

0.69 (0.37 - 1.26)

OR (95% CI)

2.43 (1.18 - 5.00)

2.12 (1.42 - 4.40)

2.62 (1.23 - 5.53)

0.98 (0.48 - 2.02)

0.55 (0.27 - 1.14)

1.22 (0.60 - 2.51)

Searched for waveform features for ECGs with abnormal waveform morphology

Did not correct initial incorrect ECG diagnosis Corrected initial incorrect ECG diagnosis

Figure 6 There was an association between searching the correct ECG features or diagnosis on the web and correcting an initial incorrect ECG
diagnosis. When using the ECG reference app, searching by ECG diagnosis was not associated with changing an incorrect initial diagnosis, whereas
searching by features was.

....................................................................................................................................................................................................................

Table 2 Difference in the time taken to analyse and interpret the ECGs, depending on whether the participants
searched the Internet from their phone, accessed the ECG reference app or did not have access to their mobile device

No mobile device Internet search ECG app P-value

Junior students (n = 77) 6:03 ± 3:30 8:59 ± 4:23 8:22 ± 4:37 <0.001

Senior students (n = 69) 6:13 ± 3:48 8:37 ± 4:18 7:34 ± 3:58 <0.001

Medical residents (n = 35) 8:29 ± 4:39 10:55 ± 5:02 6:44 ± 3:34 <0.001

All participants (n = 181) 6:36 ± 3:58 9:14 ± 4:34 7:44 ± 4:13 <0.001

Time is shown as minutes:seconds, all values are mean ± SD.
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..for educational purposes was the cost of data. Students were more
unsure than residents about which medical educational websites to
access and which apps to download and use. Nonetheless, most
medical students reported that they searched the Internet or used
apps at least once a week to study ECGs, albeit at hospital or at
home (Table 4). Residents, however, made less use of these mobile
learning strategies when studying ECGs.

Discussion

This study explored the effect of mobile learning on the accuracy of
ECG analysis and interpretation by undergraduate and postgraduate

medical trainees. To the best of our knowledge, this is the first study
evaluating the utility of two mobile learning strategies (i.e. Internet
searches and an algorithm-based reference app) in
Electrocardiography. We found that mobile learning improved the
accuracy of ECG interpretation of junior and senior medical students,
but not that of residents. Mobile learning specifically aided students in
the process of revising and correcting an incorrect initial ECG diagno-
sis. The benefit was greater when using a diagnostic algorithm-based
ECG reference app, as compared to unguided Internet searches.
Over and above assisting users in achieving better diagnostic accur-
acy, the ECG reference app also required less time than searching
the Internet. However, an interval analysis showed that the ability to

....................................................................................................................................................................................................................

Table 3 Self-reported mobile learning behaviour and preferences of participants

Junior students

(n 5 69)a

Senior students

(n 5 59)b

Medical residents

(n 5 34)c

Operating system on mobile device

Android 37 (53.6) 31 (52.5) 19 (44.1)

Apple 32 (46.4) 28 (47.5) 19 (55.9)

Device used for mobile learning

Smartphone 54 (78.3) 41 (69.5) 23 (67.7)

Tablet 5 (7.3) 5 (8.5) 4 (11.8)

Smartphone and tablet 10 (14.5) 13 (22.0) 7 (20.6)

Barriers to the use of mobile devices for educational purposes

Apps are expensive 11 (15.9) 9 (15.3) 8 (23.5)

Data are expensive 38 (55.1) 42 (71.2) 20 (58.8)

Not sure which apps to use 17 (24.6) 13 (22.0) 2 (5.9)

Not sure which web sites to access 17 (24.6) 19 (32.2) 4 (11.8)

Mobile phone is distracting 14 (20.3) 6 (10.2) 3 (8.8)

Values are expressed as N (%).
aSixty-nine of the 77 junior students that participated in the study, completed the survey.
bFifty-nine of the 69 senior students that participated in the study, completed the survey.
cThirty-four of the 35 medical residents that participated in the study, completed the survey.

......................................................................... ..........................................................................

....................................................................................................................................................................................................................

Table 4 Frequency of mobile learning in Electrocardiography as reported by medical student and residents

Internet searches ECG apps

Junior

students

(n 5 69)a

Senior

students

(n 5 59)b

Medical

residents

(n 5 34)c

Junior

students

(n 5 69)a

Senior

students

(n 5 59)b

Medical

residents

(n 5 34)c

ECG learning in the clinical setting

At least once a day 9/62 (14.5) 7/49 (14.3) 9/32 (28.1) 6/62 (9.7) 1/47 (2.13) 4/25 (16.0)

At least every second day 14/62 (22.6) 11/49 (22.5) 4/32 (12.5) 15/62 (24.2) 5/47 (10.6) 4/25 (16.0)

At least once a week 31/62 (50) 23/49 (46.9) 12/32 (37.5) 30/62 (48.4) 19/47 (40.4) 5/25 (20.0)

At least once a month 8/62 (12.9) 8/49 (16.3) 7/32 (21.9) 11/62 (17.7) 22/47 (46.8) 12/25 (48.0)

ECG learning at home

At least once a day 5/61 (8.2) 5/51 (9.8) 6/30 (20.0) 4/58 (6.9) 0/45 2/24 (8.3)

At least every second day 15/61 (24.6) 10/51 (19.6) 3/30 (10.0) 10/58 (17.2) 6/45 (13.3) 2/24 (8.3)

At least once a week 31/61 (50.8) 20/51 (39.2) 12/30 (40.0) 37/58 (63.8) 18/45 (40.0) 6/24 (25.0)

At least once a month 10/61 (16.4) 16/51 (31.4) 9/30 (30.0) 7/58 (12.1) 21/45 (46.7) 14/24 (58.3)

Values are expressed as N (%).
aSixty-nine of the 77 junior students that participated in the study, completed the survey.
bFifty-nine of the 69 senior students that participated in the study, completed the survey.
cThirty-four of the 35 medical residents that participated in the study, completed the survey.
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make a correct ECG diagnosis was not sustained 2 weeks after engag-
ing in the mobile learning activities.

An essential aspect of this study was the evaluation of whether
participants reconsidered their ECG diagnoses, and whether this was
influenced by mobile learning or not. We found that diagnostic accur-
acy improved when undergraduate students used a reference app or
searched the Internet. However, a significant proportion of ECG
diagnoses remained incorrect, despite an opportunity to revise the
diagnosis after reflecting on the characteristic findings on the ECG. In
this regard, residents were not influenced by mobile learning. A po-
tential explanation for this observation may be the influence of pre-
mature closure on diagnostic accuracy. With premature closure, a
wrong initial diagnosis is perpetuated due to the lack of consideration
of alternative diagnoses.18 Clinicians who rely on pattern recognition
without adequate reflective practice, are at risk of premature closure
in the diagnostic decision-making process.19 This phenomenon has
previously been described for residents,20 i.e. clinicians with more ex-
perience than undergraduate students (complete novices). It is espe-
cially worrying since residents made a correct initial diagnosis in only
half of the ECGs. Their reluctance to reconsider and revise their final
ECG diagnoses, with the assistance of mobile learning strategies or
not, led to significant diagnostic error.

In this study, we found that mobile learning helped to correct diag-
nostic error. However, this was only possible if participants could
identify the correct characteristic ECG features in support of the
diagnosis. Indeed, if they reported any wrong features (i.e. features
that were not present on the ECG or did not support the diagnosis),
they were unlikely to provide the correct final diagnosis. Although
this has not previously been described in the ECG literature, faulty
data gathering and synthesis have been identified as important rea-
sons for diagnostic error in other domains of Medicine.21

Furthermore, this study also showed that the use of incorrect search
terms was associated with a failure to correct a wrong initial ECG
diagnosis. Thus, for mobile learning to be of any benefit, it is crucial
that ECG training should focus on the correct identification of fea-
tures that support ECG diagnoses.

It is possible that the benefits of using the ECG reference app re-
late to a process of systematic ECG analysis, as users were provided
with diagnostic algorithms for rhythm and waveform analyses. This
supports previous literature reporting that applications that encour-
age algorithm-based diagnostic processes improved diagnostic accur-
acy.22 In contrast, unguided Internet searches may require a higher
level of understanding of Electrocardiography to search for terms
that are likely to lead the user to the correct diagnoses. Another po-
tential limitation of Internet searches is that they yield large amounts
of unfocused information, which then requires time-consuming re-
view. For example, an Internet search on Google for an ECG feature
such as ‘ST elevation’ yielded > 200 million hits in 0.9 s, and a diagno-
sis such as ‘STEMI’ about 3.5 million hits in 0.5 s. Access to these sites
is also dependent on the order that the search engines present them.
Users are likely to access the first few websites, especially if they are
faced with time constraints in the workplace and wish to rapidly ac-
cess information.

We showed that it was more useful to search for ECG features
than for ECG diagnoses on the ECG reference app. This is an import-
ant finding, as the ECG novice might recognize features on the ECG,

but still struggle to put the constellation of ECG features together to
make an accurate ECG diagnosis. For example, students might not
know that they are looking at an ECG with atrial fibrillation and,
therefore, fail to search for atrial fibrillation as a diagnosis per se.
However, if they correctly identify features such as, for example, an
irregular tachycardia or the absence of discernible P waves and look
up an algorithmic approach to either of these ECG features, this
could assist them in making an accurate ECG diagnosis. In this regard,
consideration of differential diagnoses and diagnostic algorithms
offered by mobile learning platforms should be kept reasonably sim-
ple in order to be useful. Complicated diagnostic algorithms are time
consuming and can be confusing.23–25

Mobile learning facilitates flexible and asynchronous learning, as
mobile devices can be used anywhere and anytime.26,27 Rapid ac-
cess to information from a mobile device allows students to maxi-
mize their learning by acquiring new knowledge ‘on the go’ and
not only when in the classroom or studying in the library.28 In the
clinical setting, mobile learning allows for contextualized learning,
i.e. the learning is immediate and relevant to the clinical context
(e.g. looking up the correct dose of treatment at the time of its
prescription and/or administration).4,29 Our study adds to the lit-
erature in that we could show that students and residents spent
less time with ECG analysis and interpretation when they used a
dedicated ECG reference app, than they did searching the
Internet from their mobile devices. This is important, because
overall, the reference app was associated with shorter analysis
time and greater diagnostic accuracy than searching the Internet
freely from a mobile device.

In this study, we found that mobile learning gains were not
retained, when tested 2 weeks later. This finding is not surprising and
could be explained by the fact that the educational intervention was a
once off exposure at study entry only.30 Deliberate practice with
feedback, which has previously been shown to enhance learning,31–34

was also not part of the learning process. As an educational method,
mobile learning is, therefore, better classified as informal learning
than formal learning,4 and should not replace, but rather supplement,
formal methods of ECG instruction.35,36

Our study provides valuable feedback on the perceptions of mil-
lennial medical students and residents on mobile learning in
Electrocardiography. We found that both undergraduate and post-
graduate students made frequent use of mobile learning modalities
such as reference apps and Internet searches to study ECGs. In our
setting, there was equal use of Apple and Android platforms, which
may differ from other parts of the world.5,28 Participants preferred
using their smartphones over tablet devices for mobile learning pur-
poses. However, potential caveats to mobile learning included the
expense of data and purchasing apps, which may be a major limiting
factor in the developing world. Although they found their mobile
devices less distracting than what has previously been reported,8,9

participants were often uncertain of which mobile apps to use and
which educational websites to visit. As mobile devices are increasing-
ly used for rapid access to information, clinician educators should aim
to teach students and residents how to use mobile learning to assist
them with diagnostic reasoning in the classroom and in the clinical
setting, and to guide trainees with regards to which resources to
use.36–38
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Study limitations
The participants were split into three groups (junior students, senior
students, and medical residents) to remove the confounding effect of
experience of ECG analysis and interpretation. However, this
reduced the sample size and the statistical power to detect differen-
ces between the modalities for each group separately. Furthermore,
as only three quarters of participants completed Test 2, the results of
this assessment are subject to attrition bias and should therefore be
interpreted with caution. Although we found that the benefit of mo-
bile learning was not retained, we did not evaluate the effect of
repeated exposure to mobile learning on retention of knowledge. In
real life, trainees are likely to access reference apps or search the
Internet when they analyse and interpret ECGs.

The increased diagnostic accuracy that was found in the second
test (assessing retention of knowledge) could possibly be explained
by performance bias.39 As our study was conducted during clinical
clerkships when ECGs are taught, we could not control for exposure
to learning opportunities other than the educational intervention in
the first test (mobile learning) between the two tests.

In our study, there was a lack of feedback to the mobile technology
user. It is well known that diagnostic reasoning is enhanced when
diagnostic error is pointed out.40 Due to the interactive capabilities
of mobile technology, feedback mechanisms through mobile learning
could potentially improve diagnostic accuracy and should be studied
in future.

Conclusion

This study found that mobile learning improves the diagnostic accur-
acy of ECG interpretation of undergraduate medical trainees. Mobile
learning specifically aided students in the process of revising and cor-
recting an incorrect initial ECG diagnosis. However, mobile learning
was only beneficial when the user could correctly identify the charac-
teristic features in support of an ECG diagnosis. For diagnostic accur-
acy, an algorithm-based ECG reference app was better than
unguided Internet searches and required less time. Interestingly, the
benefit of mobile learning appears to be limited largely to novice clini-
cians who are known to be less prone to premature closure. It is im-
portant to note that the benefits of once-off mobile learning
experiences were not sustained over time.

Glossary terms
Mobile learning: method of instruction where the student assimilates
knowledge by accessing information by means of a handheld or mo-
bile device (i.e. smartphone, tablet), which allows the user to connect
to the Internet and browse websites, communicate via e-mail and
text messages, access social media and use ‘apps’ downloaded onto
the mobile device.5,28

Mobile browser: a programme or software installed on a mobile de-
vice (e.g. ‘Google’) that allows the user to connect to the Internet and
access web content. Mobile browsers or search engines require a con-
nection to the Internet, either by cellular connection or Wi-Fi.13

Applications, or ‘apps’: are programmes that are installed on mobile
devices, and which can be used with or without an Internet connec-
tion.28 In medical education, mobile apps are often tailored as refer-
ence guides and calculators.41

ECG analysis: the detailed examination of an ECG tracing, which
requires the measurement of intervals and the evaluation of the
rhythm and each waveform.42

ECG interpretation: the conclusion reached after careful ECG ana-
lysis, that is, making a diagnosis of an arrhythmia, ischaemia, etc.42
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