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RESEARCH ARTICLE

Temporal patterns and dynamics of e-learning usage
in medical education

Pietro Panzarasa1 • Bernard Kujawski1 • Edward J. Hammond2 •

C. Michael Roberts3

� Association for Educational Communications and Technology 2015

Abstract Despite the increasing popularity of e-learning systems across a variety of

educational programmes, there is relatively little understanding of how students and trai-

nees distribute their learning efforts over time. This study aimed to analyse the usage

patterns of an e-learning resource designed to support specialty training. Data were col-

lected from e-learning Anaesthesia, a web-based training programme offered by the Royal

College of Anaesthetists in partnership with e-Learning for Healthcare. We constructed the

time series of 45,020 records of knowledge and self-assessment sessions accessed by 2491

trainees between August 2008 and February 2010. Analysis of the time series suggested

that e-learning usage was characterised by concentrations of rapidly occurring sessions

within short time frames of intense activity, separated by disproportionally long periods of

reduced activity. Non-uniform temporal fluctuations of usage were pronounced especially

for self-assessment sessions, the timing of which was highly correlated with examination

dates. While on average trainees’ involvement in knowledge sessions was larger than in

self-assessment sessions, for both sessions average hourly activity and length remained

stable between 9:00 am and 10:00 pm during weekdays. Average daily activity decayed as

the weekend approached, but average session length did not vary significantly across the

week. Combined with previous research on distributed practice, learning time distribution

and test-enhanced learning, our study has implications for the improvement of long-term

retention through the redistribution of knowledge sessions uniformly over time and the

sustainment of frequent information retrieval and repeated testing. Findings on hourly and

daily periodicities also suggest how new learning materials could be broken down into

suitable components that fit learners’ time constraints.
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Introduction

Over recent years there has been an increasing tendency of educational bodies to facilitate

the learning trajectories of students through e-learning (or computer-aided learning) self-

instructional programmes that integrate and complement more traditional educational

methods (Andrews and Haythornthwaite 2007; Choules 2007; Cook et al. 2008; Ellaway

2010, 2011; Haythornthwaite and Andrews 2011; Lau and Bates 2004; Reiser 2007;

Sandars and Haythornthwaite 2007). One of the most commonly cited key advantages of

e-learning systems over alternative resources is their flexibility in terms of timing and

intensity of usage (Greenhalgh 2001). They enable users to learn at convenient times and

locations, and thus to progress through their learning experience at their own pace.

Previous studies of e-learning have been concerned primarily with its effectiveness and

perceived quality (Curran and Fleet 2005; Devitt and Palmer 1999), with learners’ reaction

and subsequent change in behaviour (Curran and Fleet 2005; Sargeant et al. 2004), and

with the role of organisational culture and resistance to change in the adoption and spread

of e-learning practices (Childs et al. 2005). Moreover, previous research has conducted a

number of comparative assessments of the strengths and weaknesses of e-learning and

traditional methods of teaching (Bata-Jones and Avery 2004; Kumta et al. 2003), and has

contributed to the design and development of new learning interfaces and forms of

e-learning (Barab et al. 2004).

Despite the increasing interest in the role of e-learning systems in a variety of educa-

tional programmes, the patterns and temporal dynamics of usage of e-learning resources

still remain largely unexplored. In particular, with only few exceptions (e.g., Hwang and Li

2002; Jones and Jones 1997), relatively little attention has been paid to the analysis of how

evenly users distribute their learning efforts over time when they choose to engage in

online sessions. Do e-learning sessions occur randomly and evenly over time, at regular

intervals from each other, or do users tend to concentrate access to sessions within short

time frames of intense activity, and then remain fairly inactive for long periods of time?

More generally, do users distribute their learning efforts uniformly over time, or do they

concentrate usage of e-learning resources at the time when they are needed (e.g., before

academic deadlines), thus creating peaks of activity?

Moreover, little evidence has been documented on how often during the day and the

week users access e-learning resources, how long they spend in an individual learning

session, and whether these patterns vary between types of session. For instance, it remains

largely to be investigated whether e-learning systems stimulate retrieval practice and

repeated testing through learners’ frequent engagement in self-assessment sessions. Pat-

terns of e-learning usage may indeed depend on the type of skills and knowledge that are

meant to be transferred online as well as on the type and structure of learning components

or resources the system offers (Lau and Bates 2004; Thiele 2003). For instance, it is

reasonable to expect different usage patterns for knowledge sessions, primarily aimed at

the retrieval and study of learning material, versus self-assessment sessions, in which users

are enabled to monitor the degree of their understanding of a subject. While users may
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decide to engage in the former type of session uniformly and with regular intensity over

time, they may decide to concentrate access to the latter around the time of more specific

events, such as (offline) examination dates or important deadlines.

Uncovering these temporal patterns and dynamics has a range of organisational, tech-

nological, and pedagogical implications for the diffusion of e-learning practices

(Haythornthwaite and Andrews 2011; Hwang and Li 2002; Jeske et al. 2014; Ritter et al.

2012; Sandars and Haythornthwaite 2007). It has been suggested that the way in which

users engage in the system has an impact on their experience and perceived benefits of

e-learning (Jackson et al. 2005; Sargeant et al. 2004). Regularities in the timing of usage

are also an indicator of users’ behavioural preferences regarding when to access the system

and how to prioritise different activities (Hwang and Li 2002). Detecting temporal usage

patterns thus helps educational bodies design learning components that better accommo-

date users’ needs and preferences. For instance, these patterns may inform the choice of the

timing of sessions aimed at providing learners with opportunities to collaborate, interact,

and share views (Li and Irby 2008). Temporal regularities in usage have also implications

for the system’s functionality, the load on the server, and the scheduling of maintenance

tasks. Understanding the temporal patterns of users’ online engagement should therefore

play a central role in any attempt to ameliorate the structure, timing, and content of

e-learning sessions and components, and ultimately to enhance the quality of the system

and the educational programme.

Most importantly, uncovering behavioural patterns and dynamics can shed light not

only on the characteristics and preferences of users, but also on the degree to which

e-learning systems can be designed to help discourage cramming before exams and ulti-

mately sustain long-term learning and retention (De Jonge et al. 2012; Hwang and Li 2002;

Jonassen 1996). A large body of literature seems to converge on the idea that massed

practice (e.g., cramming before an examination) does not encourage deep understanding,

but simply short-term retention (Cepeda et al. 2006, 2008; Conrad and Donaldson 2004; De

Jonge et al. 2012; Delaney et al. 2010; Goossens et al. 2012; Kornell 2009; Ritter et al.

2012). Similarly, scholars agree on the educational role of retrieval practice through

learners’ involvement in repeated testing (Butler and Roediger 2007; Karpicke and

Roediger 2008; Larsen et al. 2009; Roediger and Butler 2011; Roediger and Karpicke

2006). Understanding how often and regularly users access learning materials and engage

in online self-assessment sessions is therefore crucial for gauging the educational effec-

tiveness of an e-learning system (Cocea and Weibelzahl 2009; Hwang and Li 2002; Jeske

et al. 2014; Valsamidis et al. 2011). For these reasons, evidence on usage patterns and

dynamics should play a critical role in the design and management of the appropriate

e-learning components, incentives, strategies and mechanisms, as well as in the choice of

the information technology suitable to them (Childs et al. 2005).

More generally, uncovering usage patterns and dynamics in e-learning systems con-

tributes to a better understanding of human dynamics within online environments (Barabási

2005). Research on online communication (e.g., through instant messages, blogs, e-mails)

has suggested that users’ activity is characterised by non-uniform and bursty temporal

fluctuations (Barabási 2005; Eckmann et al. 2004; Vázquez et al. 2006). For instance,

previous work on blog dynamics has suggested that blogging activity tends to exhibit

inhomogeneous fluctuations in time: peaks of intense blogging activity were found to be

separated by long periods of significantly reduced online activity (Goetz et al. 2009).

Unlike what was predicted by more traditional Poisson models of human dynamics (Haight

1967), these findings indicate that human actions do not follow each other at relatively

regular intervals of time. By contrast, individuals tend to execute their tasks rapidly one
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after the other over very short periods of intense activity, and subsequently remain rela-

tively inactive during the disproportionally long periods of time that separate any two

subsequent peaks of activity. Tasks that are executed according to these intermittent

temporal fluctuations have typically been described as having a bursty nature (Barabási

2005).

A profusion of empirical studies have uncovered bursty activity patterns in a number of

domains of online activity, including instant messaging and online chatting (Kujawski

et al. 2007), e-mailing (Barabási 2005; Vázquez et al. 2006), online gaming (Henderson

and Bhatti 2001), and browsing (Dezsö et al. 2006). Building on this research tradition, and

from a similar methodological perspective, our study aimed to investigate the temporal

patterns and dynamics displayed by e-learning usage. In so doing, we extended previous

work on learning and study time distribution (e.g., De Jonge et al. 2012; Hwang and Li

2002) both substantively and methodologically. Substantively, the major difference

between our inquiry and earlier research lies in the emphasis we placed on the non-uniform

and bursty temporal fluctuations as well as on the daily and weekly periodicities of users’

access to different types of online session. Methodologically, our analysis departed from

previous work in that it was based on a large-scale time-resolved data set in which the

timing of each user’s access to online learning material was recorded and could therefore

be investigated in a rigorous and quantitative manner. In particular, we constructed the

time series of all records of online activities undertaken by a population of anaesthetic

specialist trainees involved in a specialist e-learning medical programme, and investigated

how usage of the e-learning system was distributed over time and across different types of

online session. Specialty training in anaesthesia and critical care lends itself to the

development of e-learning programmes that provide trainees with a variety of online

sessions, including knowledge sessions and formative self-assessment ones (Kleinpell et al.

2011; Sajeva 2006). For both types of session, we constructed the time series of the records

of trainees’ activities, and examined the interval of time between any two subsequent

activities as well as the duration of such activities.

Drawing on this time series, our study aimed to address two sets of hypotheses. The first

set was concerned with trainees’ bursty behaviour and irregularity in the way they engaged

in online activity over time. One the one hand, we tested whether and the degree to which

trainees’ access to online sessions was distributed unevenly over time and characterised by

prolonged periods of significantly reduced activity separating peaks of activity. On the

other, we focused on whether these usage patterns varied across different types of online

session. In particular, we tested whether trainees’ access to the e-learning system became

more unevenly distributed over time when in connection with self-assessment sessions,

which may be expected to be more sensitive to the timing of examination dates and

academic deadlines, than with knowledge sessions, primarily aimed at the retrieval and

study of material.

With the second set of hypotheses, we shifted our attention from trainees’ bursty

behaviour and uneven usage patterns to the regularities they exhibited in their engagement

in different types of online session during the day and the week. To this end, for both

knowledge and self-assessment sessions, we constructed the time distribution of online

activity across each hour of the day and each day of the week, and detected periodicities

both in the number and in the average duration of the sessions started within each hour of

the day and each day of the week. We then tested the null hypothesis that hourly and daily

differences in volume and duration of online activity between weekdays and weekends and

between different types of session were not discernible from zero, against the two-sided

alternative hypothesis of non-negligible differences.
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Data and methods

Setting and context

We examined patterns and dynamics of usage in connection with the web-based e-learning

programme offered by the Royal College of Anaesthetists (RCoA) to support specialist

training and preparation towards the Fellowship examination. Anaesthetic training in the

UK consists of a 7-year programme that includes assessment-based competency hurdles

organised by the RCoA. During the training programme, each trainee anaesthetist is

expected to take two professional examinations, namely the Primary and Final Fellowship

of the Royal College of Anaesthetists (FRCA). Primary FRCA is usually taken in the first

or second year of training. The Final FRCA is a combined written and clinical assessment

and takes place in the third or fourth year.

In 2007 the RCoA, in partnership with the e-Learning for Healthcare Programme (http://

www.e-lfh.org.uk/), began the development of e-Learning Anaesthesia (e-LA), a web-

based training programme for anaesthetic specialist trainees. The programme is aimed at

meeting the training and assessment needs of first- and second-year trainees. It supports the

acquisition of knowledge and skills that are required by the anaesthetic curriculum,

offering trainees a range of knowledge and elective formative self-assessment sessions (for

details see ‘‘Data preparation’’ section) that prepare them for clinical practice and the

FRCA examinations.

Sampling

To gain access to e-LA, anaesthetic trainees are required to register with their specialty

training number and GMC number (i.e., the unique identification number assigned to every

doctor registered in the UK National Health Service). After logging in, the system tracks

users’ activity for each learning session. Each record of a user’s activity contains infor-

mation about the user’s identification number, date and time of access to a learning

resource, duration of the session, material accessed and score achieved in self-assessment

sessions. We collected records of trainees’ activities over an 18-month period, from 1st

August 2008 to 24th February 2010. This time period represents the initial implementation

of the e-learning programme. Within this observation period, 2551 unique users created

51,192 records of activity.

Data preparation

Before the analysis could be carried out, all collected records of trainees’ activity under-

went a process of cleaning. The steps involved in the process of data preparation are

illustrated in Fig. 1. We cleaned the data by filtering out excessively short and excessively

long sessions. First, we set a lower boundary at 30 s to remove meaningless browsing

sessions that were unlikely to reflect genuine learning activities. However, this lower

boundary did not affect knowledge sessions with titles containing the words ‘‘e-Library’’,

‘‘eLibrary’’ or ‘‘CEACCP’’, because these sessions referred to the retrieval and down-

loading of PDF academic documents. Second, to filter out excessively long sessions in

which users were likely to have forgotten or failed to log off, we set an upper boundary of

session length at two hours. This choice was motivated by the absence of an automatic

logging-off mechanism in the service, which in extreme cases resulted in the occurrence of
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sessions longer than a few days. Indeed, after data collection had already taken place, an

automatic mechanism that shuts the session off after 15 min of inactivity was introduced in

the system.

Based on the above lower and upper boundaries, we filtered out 6172 records of activity

with abnormally short or long length, namely about 12 % of the initial total number of

records. As a result, 2491 unique users were left in the system. These users created 45,020

valid records of activity. While the number of users kept growing over time, there was a

change in growth rate around day 350. The more pronounced growth after day 350 is also

reflected in the increase in the number of records found in the system and an increase in

service usage. The fact that users and their activity started to increase at a higher rate after

one year can be explained as resulting from the beginning of a new academic year and the

larger influx of new students than in the previous year.

Users were provided with a number of online training sessions to enhance their learning

and integrate more traditional teaching methods (Bonk and Graham 2006). Two main types

of session were offered: knowledge and self-assessment sessions. Knowledge sessions

included curriculum and scenario-based components that covered the first two years of the

anaesthetic training and were intended to facilitate continuing professional development

for trainees. Self-assessment sessions were elective formative components aimed at testing

users’ understanding of the teaching material, and at familiarising them with the standard

expected at the FRCA exam.

The two main types of knowledge and self-assessment sessions can be further broken

down into more specific types of session that were made available to users. Knowledge

sessions included the following three components: ‘‘Module 1’’, ‘‘Block 7’’, and ‘‘Other’’

sessions. In particular, Module 1 sessions were intended to facilitate the acquisition of the

knowledge and skills for the initial assessment of competency in the first three months,

while Block 7 sessions offered material necessary for Primary MCQ (multiple-choice

questions) examinations. Finally, within Other sessions we aggregated all the remaining

sessions and online content provided by e-LA which supported clinical training between

the 3rd and 24th months of the training programme.

Self-assessment sessions included four components: ‘‘Primary MCQ’’, ‘‘Final MCQ’’,

‘‘Other MCQ’’, and ‘‘Assessments’’ sessions. Primary and Final MCQ sessions were for-

mative components designed as mock MCQ exams with a similar structure and standard to

Fig. 1 Stages of data preparation
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the real examination at the end of the first year. They enabled trainees to test their

knowledge of the relevant material by providing feedback on their performance on indi-

vidual attempts stored by the system. The remaining two self-assessment components,

Other MCQ and Assessments sessions, experienced a limited usage during our observation

period because these resources were designed especially for higher-level trainees to whom

the programme had not yet been fully opened.

Data analysis

To study the degree of unevenness of e-learning usage, we measured the information

fractal (or intrinsic) dimension (IFD) of the time series of users’ activities (Goetz et al.

2009; Wang et al. 2002). This is defined as the slope of the entropy plot that shows how

entropy changes as a function of the resolution. To define entropy, let us consider a set of n

time-stamps t1, t2,…, tn, within an interval of duration T. In our case, each time-stamp

corresponds to a record that was created by a trainee at that time by the process of starting

an online session. We then divide the whole interval T into disjoint and consecutive time

windows of duration W. Let ni be the number of records created in window i, and let pi ¼ ni
n

be the fraction of records that fall within such window i. Entropy can be defined as:

EW ¼ �
P

i pilog pið Þ, where the superscript W indicates the resolution at which entropy

was calculated (i.e., the duration of the time windows) and is also called the aggregation

level.

Entropy measures the uniformity of a discrete probability function (Wang et al. 2002).

Given a fixed number of records n, entropy reaches its maximum value when all the

fractions pi have the same value, while it approaches zero when records are concentrated in

one time window. The entropy plot is defined as the plot of EW against log(W). If a process

is self-similar, the unevenness of the distribution of events does not change as the reso-

lution at which it is observed varies. Thus, its entropy plot is linear. The fractal dimension

d is then defined as the slope of the entropy plot, d ¼ oEW

o logðWÞ. This slope indicates how

bursty the process is: the lower the value the burstier, and vice versa. In our case, if trainees

logged in and started sessions uniformly across the observation period, the fractal

dimension would take a value of one. Conversely, if sessions were more concentrated

around certain points in time, the value would decrease and approach zero. It would take

the value of zero if all activities happened at exactly the same time.

To detect daily periodicities in volume of online sessions, we calculated the total

number of records of activities for each hour of the day, separately for weekdays (Monday

to Friday) and weekends (Saturday and Sunday). We then divided these numbers by 409

(i.e., the number of weekdays in the observation period) and 164 (i.e., the number of

weekend days in the observation period), to obtain the average hourly activity in weekdays

and weekends respectively. To detect weekly periodicities in volume of activity, we

divided the total number of records of activities for each day of the week by 82 (i.e., the

number of weeks in the observation period), to obtain average daily activity. This analysis

was carried out separately for knowledge and self-assessment sessions. To detect hourly

and daily periodicities in session length, we divided the total time (in minutes) spent online

by the number of sessions, for each hour of the day and each day of the week. Average

values were then calculated for weekdays and weekends, and distinctively for knowledge

and self-assessment sessions, in the same way as described for volume of activity. All

statistical tests concerning differences between sample means and between sample vari-

ances were conducted at the 5 % level of significance.
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Results

Distribution of activity and users across types of session

In Table 1, for each group of sessions we reported the main type (knowledge vs self-

assessment), the number of times the session was accessed, the number of unique users that

produced these records, and the average time they spent on the sessions. There was a sharp

difference between knowledge sessions (Module 1, Block 7 and Other) and self-assessment

sessions (MCQ and Assessments). Knowledge sessions attracted more users, who spent

two to three times as many minutes as they did in self-assessment sessions.

Time series of users’ activities

Figure 2 shows the time series of users’ daily activity, defined as the total number of

records calculated for each day. The red (online figure) vertical dash lines indicate the

dates of 5 FRCA examinations, for which materials could be found in e-LA. As the service

was launched on 1st August 2008, this date was reported as time t = 0. During the first two

exam sessions on 16th September 2008 and 10th February 2009, users’ activity did not

increase significantly. This limited system usage can be explained in terms of the lack of

students’ awareness of the existence of the service or in terms of shortage of relevant

content or material that could be retrieved from the system in the first few months since

implementation. However, for the last three FRCA examinations we recorded an upsurge

of users’ activity as the exam date was approaching. The spikes of highest activity were

found precisely on the day before each exam.

Figure 2a refers to the evolution of all available sessions (knowledge and self-assess-

ment). It indicates that, as time progressed, the interval between the beginning of the

growing trend of daily activities and the FRCA examination dates became longer. This

suggests that trainees’ engagement in the newly introduced technology became increas-

ingly strong over time, and that the e-learning system likely took a more prominent role in

the medical curriculum. Whether this change in usage patterns resulted from a word-of-

mouth effect spurred by the increasing availability of online components remains to be

empirically investigated.

Figure 2b, c shows the time series of users’ activity related to two of the sessions

summarised in Table 1: Primary MCQ and Module 1 sessions, respectively. Primary MCQ

sessions (Fig. 2b) were highly correlated with examination dates, and showed reduced

Table 1 Online sessions

Session name Type Number of sessions accessed Users Average time
(minutes)

Module 1 Knowledge 14,605 1573 22.5

Block 7 Knowledge 4622 935 18.1

Other Knowledge 11,539 1617 18.6

Primary MCQ Self-assessment 11,312 414 8.6

Final MCQ Self-assessment 1795 161 9.8

Other MCQ Self-assessment 689 129 5.0

Assessments Self-assessment 458 148 7.9
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levels of activity at other times. The spikes of activity found for all records in Fig. 2a seem

to have originated precisely from the bursty nature of the time series of Primary MCQ

sessions. In particular, the peaks of activity preceding the last three exams were also

associated with the release of 18 new self-assessment sessions in June 2009, containing

actual exam questions written by examiners. Self-assessment sessions, such as Primary

MCQ ones, were meant to test the trainees’ knowledge gradually and repeatedly over time,

and thus to sustain learning and retention. Yet, trainees did not choose to test their

knowledge uniformly as they acquired it during the training period, but instead concen-

trated the majority of Primary MCQ assessments over a short period before the FRCA

examination.

Unlike Primary MCQ sessions, the other formative assessment sessions were not as

popular among trainees. For instance, as reported in Table 1, only 458 records of activity

were found for Assessments sessions. Activity in connection with these sessions was more

evenly distributed across time than activity concerned with other types of session. There

were still spikes of activity correlated with examination dates, but they were much less

pronounced than the spikes found in connection with Primary MCQ sessions. Final MCQ

sessions were characterised by similar patterns of activity to those found for Primary MCQ

sessions, except that spikes of activity did not occur around examination dates. Sessions

classified as Other MCQ were hardly used: for these sessions, there were only 689 records

and 129 unique users who had access to them, predominantly around the fourth and fifth

FRCA examinations. This is also a reflection of the limited number of these sessions

available at the time of this study.

Figure 2c shows daily fluctuations of activity related to the most popular knowledge

session, namely Module 1. The temporal fluctuations were still correlated with examina-

tion dates but seem smoother than those related to Primary MCQ sessions. Upon reflection,

this different pattern should come as no surprise. Like self-assessment sessions, knowledge

sessions were accessed mainly because an examination was on the horizon. For this reason,

access to both Module 1 and Primary MCQ sessions started to increase as the exams

approached, and peaked around the examination dates. However, this increase in usage

occurred at an earlier stage for Module 1 than for Primary MCQ sessions, possibly because

trainees needed a reasonable period of time to study material and sustain progressive and

incremental learning. This explains the burstier nature of the time series in Fig. 2b than the

one in Fig. 2c. Despite the smoother increasing trend, it is however noteworthy that access

Fig. 2 The time series of daily e-learning activity, measured in terms of number of records per day. The
three panels refer to all sessions (a), self-assessment (Primary MCQ) sessions (b), and knowledge (Module
1) sessions (c). The emergence of spikes of activity in connection with knowledge sessions and self-
assessments sessions took place near the time of FRCA examinations. The vertical red (online figure) lines
indicate the dates of FRCA examinations (Color figure online)

Temporal patterns and dynamics of e-learning usage in…

123

Author's personal copy



to knowledge sessions, such as Module 1, still displayed non-uniform temporal fluctuations

over time. In an entirely self-paced environment, trainees could have spread out their

learning opportunities more evenly over time, according to their preferences and practical

constraints. Yet, they chose to mass their study within short intervals and remain fairly

inactive in the remaining period.

Other less popular knowledge sessions were only mildly correlated with examination

dates (with the exception of the third examination). They simply showed a general increase

in users’ interest as the FRCA examination approached. For instance, Block 7 sessions

were not as correlated with FRCA dates as Module 1 sessions. They were more evenly

distributed between examination dates, and experienced less pronounced peaks of activity

around those dates.

Information fractal dimension (IFD)

As suggested by Fig. 2, the major difference between knowledge and self-assessment

sessions seems to lie in their different degree of unevenness. In order to quantify this, we

calculated the IFD of the times series of users’ online activities (Goetz et al. 2009; Wang

et al. 2002). In addition to measuring the degree of unevenness of a process, IFD is

particularly useful for comparing and contrasting two time series in terms of the

unevenness of their underlying processes. More specifically, a process with a lower value

of IFD can be described as being burstier than another with a higher value.

Figure 3 shows the entropy plot for all sessions, and for self-assessment and knowledge

sessions separately. The entropy plot for all sessions can be fitted by a linear function with

slope 0.91. This finding has a two-fold implication. First, the fact that entropy values scale

linearly with aggregation levels indicates that the degree of unevenness of e-learning usage

remains unaltered for all aggregation levels. Otherwise, the slope would change as a

function of the aggregation level. E-learning can therefore be described as a self-similar

process, namely a time-varying activity that is invariant with respect to scaling across time

scales (Goetz et al. 2009; Willinger et al. 1997). Whether assessed over the whole

observation period or within a more restricted interval of time, users’ activities unfolded

according to the same pattern. Second, because the slope of the entropy plot is lower than

one, e-learning was indeed characterised by bursty behaviour: concentrations of sessions

Fig. 3 The information fractal
dimension (IFD) measured for
time series containing self-
assessment, knowledge, and all
sessions. The obtained IFD
values for self-assessment,
knowledge and all sessions are
0.77 (SE = 0.0093; p\ 0.001),
0.92 (SE = 0.0140; p\ 0.001)
and 0.91 (SE = 0.0109;
p\ 0.001), respectively
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around specific points in time were separated by prolonged periods of significantly reduced

activity.

Figure 3 also enables us to compare the different degrees of unevenness of self-

assessment and knowledge sessions. Based on Fig. 2, we expect a larger degree of

unevenness of the distribution of self-assessment sessions than of the distribution of

knowledge sessions. Measures of IFD lend empirical support to this expectation: the slope

of the entropy plot for self-assessment sessions (0.77) is indeed smaller than the slope for

knowledge sessions (0.92), and the difference between the two slopes is statistically sig-

nificantly different from zero (Chow test: F (1, 20) = 82.11; p\ 0.001). Thus, the ten-

dency to generate peaks of activities separated by periods of inactivity was more

pronounced for self-assessment than knowledge sessions.

Daily and weekly patterns of volume of activity

Research has suggested that online activity tends to be characterised by daily and seasonal

periodicities (Panzarasa et al. 2009). In this respect, patterns of e-learning usage may vary

depending on the time of the day at which activity occurred (e.g., within or outside

working hours), and on whether activity took place in weekdays or during the weekend.

Figure 4a indicates that during weekdays the average activity remained stable between

9:00 am and 10:00 pm, and then sharply dropped after 10:00 pm reaching a minimum at

4:00 am. During weekends (Fig. 4b), the increase in users’ activity shifted by one hour, and

the decay occurred earlier at around 5:00 pm, owing to the possible interference of leisure-

related and social activities at weekends. On average, however, both for knowledge and

self-assessment sessions, the difference in hourly involvement between weekdays and

weekends was negligible, and indeed the two-tailed t tests do not reject the null hypothesis

of equal average involvement at the 0.05 level of significance.

Figure 4 also enables users’ involvement in knowledge sessions to be compared with

involvement in self-assessment ones. Results indicate that the daily patterns for these two

types of session were similar, both during weekdays (Fig. 4a) and weekends (Fig. 4b).

However, results seem also to suggest that, on average, the hourly involvement in

knowledge sessions was more pronounced than in self-assessment sessions, both during

weekdays and weekends. We tested this difference between sample means through an

independent sample t test. Results are reported in Table 2.

We first checked whether the assumption of equal variances was violated. As indicated

by Table 2, the values of the Chi squared of the Bartlett’s test and the folded F statistics

reject the null hypothesis of equal variances, both for weekdays and weekends. Therefore,

Fig. 4 Average volume of activity in each hour during weekdays (a) and weekends (b). Average volume of
activity in each day during the week (c) (Color figure online)
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in both cases the approximate t was computed using individual sample variances instead of

the pooled variance. We then conducted a two-tailed unpaired t test with unequal vari-

ances, and obtained values of t that, both for weekdays and weekends, reject the null

hypothesis of equal average involvement across different types of session. To assess the

magnitude of these variations, we calculated effect size. Results indicate that, on average

during one hour of the day, the difference between number of knowledge sessions and

number of self-assessment sessions accessed by the whole population of users is 1.68 for

weekdays (or, alternatively, 687 if cumulative across all weekdays) and 1.53 for weekends

(or, alternatively, 251 if cumulative across all weekends). Standardised measures of effect

size are reported in Table 2.

The comparative analysis of weekdays and weekends can be further extended by

assessing average volumes of activity across all days of the week, as shown by Fig. 4c.

Results suggest a characteristic decay of users’ average activity as the weekend approa-

ched, with a reversed trend beginning during the weekend. Interestingly, the rise in the

number of self-assessment sessions during the weekend until a peak was reached on

Mondays was likely to be triggered by the fact that all FRCA examinations took place on

Tuesdays. By contrast, the majority of knowledge sessions occurred during the first part of

the week, with an increasing trend that began on Sundays and continued until after the

examination dates.

Moreover, we tested whether the average daily involvement varied between knowledge

and self-assessment sessions. Results of the statistical tests are reported in Table 2. Both

the Bartlett’s test for equal variances and the folded F statistic do not reject the null

hypothesis of equal variances. We therefore conducted a two-tailed unpaired t test with

equal variances, and obtained a large value of t that rejects the hypothesis of equal average

daily involvement across the different types of session: in one day, users on average

accessed more knowledge sessions than self-assessment ones. The analysis of effect size

indicates that the average difference between number of knowledge sessions and number

of self-assessment sessions accessed by all users during one day of the week is 28.77 (or,

alternatively, 2359 if cumulative across all 82 weeks). Standardised measures of effect size

are reported in Table 2.

Table 2 Statistical tests and effect sizes for differences in average activity between knowledge and self-
assessment sessions

Variation between
types of session

Bartlett’s
test for equal
variances

Folded F
statistic

Two-tailed
unpaired t test

Cohen’s d
statistic with
pooled variance

Hedges’ g
statistic

Average activity in
each hour during
weekdays

v2 = 14.6135
p\ 0.0001

F = 5.4732
df = 23, 23
p = 0.0001

t = 4.14
Satterthwaite’s

df = 31.1331
p = 0.0002

1.22 1.19

Average activity in
each hour during
weekends

v2 = 4.1917
p = 0.041

F = 2.4024
df = 23, 23
p = 0.0406

t = 2.61
Satterthwaite’s

df = 39.3196
p = 0.0127

0.77 0.75

Average activity in
each day

v2 = 0.7560
p = 0.385

F = 2.1114
df = 6, 6
p = 0.3850

t = 6.27
df = 12
p\ 0.0001

3.62 3.35
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Daily and weekly patterns of session length

E-learning usage can vary in terms not only of how many times users accessed the system,

but also of the length of time they spent online. In addition to hourly and daily changes in

volume of activity, we therefore focused also on periodicities of session length. To this

end, we measured the average time (in minutes) users spent in a single session. Figure 5a, b

indicates that the hourly changes in average session length mirrored the changes in average

volume of activity presented in Fig. 4a, b. As was found in the case of volume of activity,

the discrepancies between weekdays and weekends were fairly limited also in connection

with session length. During weekends, there was in fact only a relatively small increase in

average session length between 11:00 am and 5:00 pm. On average, however, both for

knowledge and self-assessment sessions, the difference in session length between week-

days and weekends was negligible, and indeed the two-tailed t tests do not reject the null

hypothesis of equal average involvement at the 0.05 level of significance.

Figure 5a, b also seems to suggest that the average duration of a knowledge session

across the day was longer than the duration of a self-assessment session, both during

weekdays and weekends. We tested the statistical significance and magnitude of this

variation. Results are reported in Table 3.

We first checked whether the assumption of equal variances was violated. As indicated

by Table 3, the Chi squared values of the Bartlett’s test and the folded F statistics reject the

null hypothesis of equal variances, both for weekdays and weekends. We thus conducted a

two-tailed unpaired t test with unequal variances, and obtained t values that, both for

weekdays and weekends, reject the null hypothesis of equal average length of knowledge

and self-assessment sessions. Moreover, the analysis of effect size indicates that, on

average, in one hour of the day the difference between the number of minutes spent in one

knowledge session and the minutes spent in one self-assessment session is 11.32 during

weekdays (or, alternatively, 4629 if cumulative across all weekdays), and 11.36 during

weekends (or, alternatively, 1863 if cumulative across all weekends). Standardised mea-

sures of effect size are reported in Table 3.

By contrast, unlike volume of activity, average session length did not experience sig-

nificant variations across the days of the week (Fig. 5c). On the one hand, most self-

assessment sessions had a standard length, which allowed for a limited variation in overall

session length. On the other, knowledge sessions could potentially have changed in

duration when more time became available, for instance during weekends. Yet, on

Saturdays they only showed a relatively mild growth in length. While users engaged in an

increasing number of sessions as the weekend progressed from Friday to Sunday,

Fig. 5 Average session length (in minutes) in each hour during weekdays (a) and weekends (b). Average
session length in each day during the week (c) (Color figure online)
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nonetheless the average time they spent online for each session remained largely

unchanged. This may be a reflection of the structure of the programme with knowledge

sessions being specifically designed for a duration of 20–25 min.

Just as we did in the case of variations in session length during the day, we also tested

whether during the week the average duration of a knowledge session was longer or shorter

than the average duration of a self-assessment session. First, we calculated the Bartlett’s

test for equal variances and the folded F statistics. As indicated by Table 3, both tests reject

the null hypothesis of equal variances. We then performed a two-tailed unpaired t test with

unequal variances, and obtained a t value that rejects the hypothesis of equal average

length of the two types of session: on average, in one day of the week, users spent more

time in knowledge sessions than in self-assessment ones. Indeed, measurement of effect

size indicates that this difference is of 13.74 min (or, alternatively, of 1121 min if

cumulative across all 82 weeks). Standardised measures of effect size are reported in

Table 3.

Discussion

In a review of the role of e-learning in medical education, Greenhalgh (2001) suggested

that students often choose to learn the technical skills required by some feature of the

software only when they need to use that feature. Our findings provide empirical support

to, and extend, this idea by shedding light on the timing and frequency of usage of an

e-learning programme for specialist training in Anaesthetics. Our study was based on a

unique data set that included detailed information on the time at which trainees engaged in

knowledge and self-assessment sessions over an extended period of time. As such, the data

set provided information that could not be obtained through alternative sampling methods,

such as interviews or surveys.

Trainees appeared to concentrate their involvement in online sessions around specific

points in time. These peaks of activity took place around the dates of FRCA examinations,

and therefore when knowledge and skills were most needed. This finding is in qualitative

agreement with previous research on typical study patterns (Dunlosky et al. 2013;

Table 3 Statistical tests and effect sizes for differences in average length between knowledge and self-
assessment sessions

Variation between
types of session

Bartlett’s test
for equal
variances

Folded F
statistic

Two-tailed
unpaired t test

Cohen’s d
statistic with
pooled variance

Hedges’
g
statistic

Average session
length in each hour
during weekdays

v2 = 45.8526
p\ 0.0001

F = 28.6333
df = 23, 23
p\ 0.0001

t = 7.95
Satterthwaite’s
df = 24.6046
p\ 0.0001

2.35 2.30

Average session
length in each hour
during weekends

v2 = 47.2726
p\ 0.0001

F = 30.6323
df = 23, 23
p\ 0.0001

t = 7.42
Satterthwaite’s

df = 24.5001
p\ 0.0001

2.19 2.14

Average session
length in each day

v2 = 8.4454
p = 0.004

F = 16.3166
df = 6, 6

p = 0.0035

t = 28.19
Satterthwaite’s

df = 6.73269
p\ 0.0001

16.28 15.07
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Mawhinney et al. 1971). For instance, Michael (1991) documented students’ inclination to

procrastinate their learning efforts since they tend to increase the time spent studying as an

exam approaches. In addition to this tendency, our findings also highlighted that bursty

patterns of usage were more pronounced for self-assessment than knowledge sessions.

Unsurprisingly, activity related to assessment sessions, and particularly those designed as

practice questions for primary and final FRCA examinations, were very strongly associated

with the dates of these examinations, with major spikes of activity on the day just before

the primary examinations. This result further reinforces the idea of an e-learning trajectory

that unfolded unevenly over time, and was governed by the occurrence of relevant offline

events.

The extent to which the distribution of e-learning usage over time facilitates or hinders

educational and professional development is an issue that not only medical institutions, but

more generally educational bodies that rely on e-learning systems need to carefully address

when devising the appropriate incentives for promoting higher levels of students’ and

trainees’ engagement in online environments. Previous research has suggested that, in

addition to the total amount of practice and study time available (Johnson 1964; Stubin

et al. 1970), spaced presentations of materials enable better retention than massed pre-

sentations occurring at a single time (Cepeda et al. 2006, 2008; Conrad and Donaldson

2004; De Jonge et al. 2012; Delaney et al. 2010; Ritter et al. 2012). In particular, cognitive

research has indicated that massing learning opportunities in relatively close succession

does not sustain deep understanding and long-term learning, but has a positive effect only

on short-term retention (Goossens et al. 2012; Kornell 2009). Similar results were found in

connection with recall strategies, such as review. For example, it has been documented that

massed review activity before an exam is less beneficial for exam performance than review

activities evenly distributed over time (Arnott and Dust 2012).

Our study was not directly concerned with the effects that e-learning usage had on

individual learners’ performance. However, when interpreted against the theoretical

background on distributed practice and retention, our findings suggest a number of prac-

tical implications for the configuration and management of effective online educational

systems that sustain learning and training. Moreover, these implications are salient for a

variety of disciplinary and professional domains, beyond the specific context of medical

e-learning specialist programmes on which our empirical analysis was based. Our study

indeed suggests that cramming before an exam may persist even in an online environment

in which learners could, in principle, distribute their learning efforts evenly over time.

From this perspective, several suggestions can be made for encouraging the temporal

distribution of users’ learning efforts and practice, and thus improving the educational

value of e-learning systems.

The patterns found in system usage suggest that additional learning components should

be scheduled and designed by taking into account the time around which users access

knowledge sessions, and the average time they spend online for these sessions. If

instructors and system administrators were to discourage massed practice and cramming

before exams and facilitate retention through a continuous and uniform learning trajectory,

they should aim at a more suitable and even redistribution of learning sessions over time.

In this vein, additional materials and new sessions could be made available only during

periods in which trainees would otherwise be inactive, rather than around the time when

trainees are already using the system. When properly targeted at the periods of reduced

activity, the introduction of new sessions can help mitigate and counterbalance the sys-

tem’s tendency to self-organize into a series of recurrent spikes of activity (Ritter et al.

2012). For instance, the introduction of forums or instructor-led sessions that promote a
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more interactive learning environment should be carefully conceived so as to avoid the

reinforcement of the uneven usage patterns and learners’ tendency to choose massed

practice, while at the same time it should be tailored to the observed periodicities that

emerge during the day and the week (Dunlosky et al. 2013; Ganger and Jackson 2003).

Our findings also suggest that users’ involvement in self-assessment sessions was not

only more unevenly distributed over time, but also less pronounced than involvement in

knowledge sessions, in terms of both volume of activity and average session length. This

result can be used by instructors and system administrators to gauge and improve the

effectiveness of e-learning environments. Research has shown that testing and retrieval

practice play a critical role for the learning process itself (Roediger and Butler 2011;

Roediger and Karpicke 2006). From this perspective, the retrieval of information that

traditionally takes place during testing is not simply aimed at assessing the knowledge that

was learned through studying, but it also consolidates learning and enhances long-term

retention for a variety of materials, even more than extra study (Butler and Roediger 2007;

Karpicke and Roediger 2008; Larsen et al. 2009; Roediger and Butler 2011). In this vein,

previous research on the benefits of testing over study has suggested that repeated testing

and retrieval of information encourage elaborative processing of the material, create dif-

ferent pathways for retrieval (Carpenter 2009), and facilitate the encoding of effective

mediators (i.e., information linking cues and targets) during subsequent learning oppor-

tunities (Pyc and Rawson 2010, 2012). In turn, the benefits of repeated testing have been

found to depend on the timing of the tests. Several studies have indeed suggested that

greater benefits can be achieved when repeated tests are spaced in time than when they

occur in immediate succession within a short period of time (Carpenter and DeLosh 2005;

Cull 2000; Pyc and Rawson 2012).

In addition to the memorial benefits of repeated and spaced testing compared to study,

research has suggested that these benefits are even greater when assessments are followed

by feedback (Bangert-Drowns et al. 1991; Cull 2000) and are based primarily on low-

stakes or no-stakes tests (Leeming 2002; Lyle and Crawford 2011). This was indeed the

case of our e-learning system in which trainees were made aware of the scores obtained in

self-assessment sessions, and these scores did not have any influence on the grade achieved

in the final examination. The implications of these studies are therefore that to increase the

effectiveness of an e-learning programme, an appropriate mix of incentive mechanisms

should be devised that not only sustain a more even distribution of knowledge sessions

over time, but also promote a more regular and frequent use of self-assessment sessions

than the one observed in our analysis. A more uniform and substantial involvement of

learners in self-assessment sessions would in fact transform and strengthen the purpose of

these sessions from assessment of learning into assessment for learning (Dunlosky et al.

2013).

While having a direct positive effect on retention, repeated testing also indirectly

facilitates learning by discouraging massed practice. Previous research has suggested that

sporadic testing encourages massed study with peaks of activity immediately before the

test, whereas regular testing induces students to distribute their learning efforts more

evenly over time (Mawhinney et al. 1971). The implication is that students are not inclined

to freely choose distributed practice, unless they are constrained to do so, for instance when

examination dates are set at regular intervals of time. In this sense, simply introducing

elective self-assessment sessions that students can schedule at the time they prefer would

not provide an appropriate constraint for eliciting a more even redistribution of learning

efforts over time. Because self-assessment sessions were found to be more unevenly dis-

tributed over time than knowledge ones, our study seems to suggest that an entirely self-
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paced and self-directed testing practice does not naturally lead to, and sustain, spaced

learning.

From this perspective, a carefully devised introduction of self-assessment sessions

would be needed in order to promote a more uniform distribution of knowledge sessions

over time. For instance, scheduling self-assessment sessions in such a way that they

become available only at certain times and at regular intervals from one another would

induce learners to engage in testing more frequently and uniformly. As a result, learners

would be encouraged to access knowledge sessions and study more frequently and regu-

larly because they know they will be tested on the material. Such an approach would then

capitalise on the benefits of spacing in that it prompts learners to review previously learned

material at regular intervals. Similarly, changing the nature of self-assessment sessions

from elective to compulsory ones (while still based on no-stakes testing) would force

students to adjust their testing patterns, and lead them to abandon massed practice in favour

of spaced learning.

In addition to the uneven distribution of system usage, our study uncovered hourly and

daily periodicities in volume of activity and session length. Findings indicated that usage

occurred predominantly during core working hours, and continued to show relatively high

intensity until about 10:00 pm, the time after which activity fell away. Online sessions

during the early hours of the morning were much less likely to occur and, when they did,

they covered shorter intervals, which suggests that attention span or availability of time

was more limited at these early hours than during the day. Evidence of these patterns

should assist practitioners and institutions in the design of an effective e-learning envi-

ronment based on a balanced combination of components and materials (Dunlosky et al.

2013; Bonk and Graham 2006; Wong and Tatnall 2010).

While in general these usage patterns would fit most learners’ time constraints,

nonetheless they have special relevance for postgraduate programmes in medical education

where trainees are normally involved in clinical tasks during standard working hours

(Childs et al. 2005; Kleinpell et al. 2011). Although it is not possible to ascertain whether

users were at work during the peaks of system usage, it would seem reasonable to con-

jecture that this was indeed the case for a large proportion of them. At the same time, it is

unlikely that a formal provision was given within working days for trainees to access

e-learning materials. While additional information through surveys and focus groups

would be needed to investigate users’ motivations for using the system, the length of time

spent online (an average of 18–22.5 min for session) may suggest the hypothesis that

trainees used the system for educational purposes rather than as a reference for addressing

problems encountered in connection with their clinical role. Understanding these usage

patterns may encourage those responsible for postgraduate medical education to make

more time periods during the working week available for training purposes so that

e-learning does not interfere with service delivery (Mohanna 2007).

The other notable pattern our study uncovered refers to the daily variations in usage

across the week. While Mondays were the days in which most activities took place, as the

week progressed activity witnessed a gradual decline culminating in a nadir on Fridays and

Saturdays, the days in which most social, religious, or cultural activities were likely to

occur. Moreover, although at weekends there was less activity than during weekdays, the

length of time devoted on average to each session did not vary across all days of the week.

This is a reflection of the tight editorial control of session development that ensured an

average session length of about 20–25 min. The time spent on each type of session should

indeed be considered carefully in designing further learning materials so that a topic may
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be properly covered within the session or, if necessary, be broken down into smaller

elements to fit the learners’ attention span or time constraints.

One of the most encouraging findings of this study is concerned with the increasing

trend in system usage since the launch of the site. This suggests that the content met the

requirements of trainees and, as new trainees were recruited into the specialty, incumbents

were encouraged to continue engaging in the system on the basis of their previous learning

experience. Whether the combination of self-assessment and knowledge sessions sustained

greater use of the system than would have been the case if only one type of session had

been offered is a matter that cannot be resolved by this study. Results, however, suggest

that, whilst self-assessment and knowledge sessions were linked in content, the access to

learning material through knowledge sessions played a predominant role in the overall

dynamics of trainees’ engagement in the system.

Limitations and directions for future work

This work is not without limitations, which in turn may suggest new avenues for further

investigation. Our analysis was concerned with an e-learning system at an early stage of

implementation. The choice of the observation period may have biased the results because

during that period the system experienced a phase of accelerated growth in popularity and

usage (Panzarasa et al. 2009). To test the robustness of our findings, we should replicate the

analysis using data from subsequent periods in which the system reached a plateau with

respect to the rate of increase in the number of new registered users and of sessions per

time unit.

Moreover, the study did not include a number of important control variables that would

have strengthened the robustness and generalisability of the results. Constrained by the lack

of data, we could not control for users’ demographic characteristics, prior knowledge,

intellectual skills, training and experience with e-learning. For instance, we could not test

whether learners with time-management skills would space their learning efforts more evenly

and more effectively in a self-paced e-learning system than learners who lack those skills.

Since the system involved both junior and senior trainees as well as specialist trainees, a

more detailed analysis would require the study of distinct usage patterns for different

subsets of users that vary in terms of their training profile, status or other demographic

characteristics (e.g., gender, ethnicity, cultural background). Moreover, additional infor-

mation obtained through surveys and focus groups would be needed to examine how

trainees perceived the system, and to investigate how and why they used it in the way they

did. For instance, trainees could have downloaded materials from the system and started

learning only when they were offline. This could certainly confound the analysis.

The study was based on the time series of records of activity and aimed simply at

tracing the timing of users’ involvement in the system as well as the duration of each

session. As such, it did not directly address important questions related to users’ learning

and performance. Access to online material and engagement in online sessions do not, in

themselves, imply that a learning process has occurred (Avouris et al. 2005). To detect

what and how users learned as a result of their usage of the system, a more in-depth

analysis would be needed that controls for the learning environment as well as users’

learning outcomes. Indeed, whether access to the system is associated with better prepa-

ration for final examinations should be of primary concern when designing enhancements

to e-learning programmes (Bata-Jones and Avery 2004; Childs et al. 2005; Kleinpell et al.
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2011). For instance, a problem that remains to be investigated is whether learners who

made systematic use of the knowledge sessions achieved a better score on the self-

assessment sessions than learners who accessed knowledge sessions only occasionally.

Moreover, the effectiveness of self-assessment sessions should be examined by measuring

correlations between degree of involvement and scores obtained in these sessions on the

one hand, and results obtained in the final exams on the other.

Our comparative study of the bursty behaviour of knowledge and self-assessment

sessions was conducted at the system’s level, and as such did not examine usage patterns at

the individual trainee’s level. Extending the analysis to the individual level would further

our understanding of the non-uniform character of system usage and of its antecedents. In

particular, distinguishing between three different levels of analysis—micro, meso, and

macro—would enhance the study of long-range dependencies and of the heavy-tailed

distributions of the time intervals between consecutive activities by shedding a new light

on the emergence of unevenness. By uncovering and tracing the usage trajectories for each

trainee, future work may investigate how these trajectories at the micro level combine at

the meso level of each type of session, up to the higher macro level of the whole system

(Barabási 2005; Goh and Barabási 2008; Willinger et al. 1997).

Finally, extending the analysis to the micro level of the individual trainees would further

highlight how the system was used in practice, and help uncover different types of learning

strategies adopted by the trainees and ultimately their impact on performance and learning

outcomes. For instance, by tracing for each trainee the temporal trajectory of access to the

system, future work could offer a better understanding of trainees’ tendency first to access

knowledge sessions and subsequently self-assessment ones, or vice versa. These different

usage patterns may in turn be associated with different learning outcomes. Most impor-

tantly, a more comprehensive analysis of system usage at the individual trainee’s level

would enable us to disentangle processes of cramming that do not sustain deep under-

standing (De Jonge et al. 2012; Goossens et al. 2012; Hwang and Li 2002; Kornell 2009;

Ritter et al. 2012) from activities of reviewing and rehearsing that are instead expected to

have a positive impact on learning and retention (De Jonge et al. 2012; Dunlosky et al.

2013; Morrison et al. 2013).

A finer-grained analysis at the individual level would indeed help identify two distinct

groups of users that are likely to be characterised by different learning strategies leading to

different learning outcomes. On the one hand, one group includes users that did not access

learning material in advance, but only near the examination dates. Uncovering this group

would indeed provide evidence in favour of cramming. On the other, there may be (a

minority of) users who accessed the system well before exams, but at different times, and

then returned back to the system altogether at the same time just before the examination

dates. These users, like those in the former group, would still contribute to the emergence

of peaks of intense activity in the system; however, unlike the other users, their contri-

butions to these peaks would result primarily from processes of reviewing and rehearsing

rather than cramming.

Conclusions

Previous research on e-learning has investigated the comparative benefits of e-learning

processes and activities (Childs et al. 2005; Greenhalgh 2001; Kleinpell et al. 2011; Kumta

et al. 2003; Sajeva 2006). In addition, research for e-learning has examined new ways for
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designing effective interfaces and systems in the service of learning (Barab et al. 2004;

Haythornthwaite and Andrews 2011). However, relatively few studies have concentrated

on how users distribute their learning efforts over time, and on the broad pedagogical

implications of usage patterns (Cocea and Weibelzahl 2009; Hwang and Li 2002; Thiele

2003). In this paper, we have taken a step in this direction, and examined usage patterns

and dynamics drawing on a large-scale data set from a comprehensive e-learning pro-

gramme for anaesthetic trainees.

Findings indicated that e-learning usage was characterised by recurrent spikes of intense

activity separated by long periods of inactivity or reduced activity as well as by daily and

hourly periodicities in volume of activity and session length. In particular, knowledge

sessions were more popular than self-assessment ones, but both sessions were characterised

by similar hourly and daily trends in volume and length. The observed patterns and

regularities in usage are a signature of the self-organising properties of the e-learning

system. Usage evolved according to the observed patterns despite the fact that the system

was self-paced, there was no central coordinator of users’ activities, and users were not

offered any opportunity to communicate with one another and adapt the timing of their

learning activities to one another’s constraints.

Finally, our study can be integrated with previous research on learning to derive

practical implications for enhancing the educational value of e-learning systems beyond

the medical context. In particular, previous work on learning time distribution, distributed

practice, and test-enhanced learning helps clarify the implications and salience of our

analysis of system usage for promoting learners’ deep understanding and long-term

retention. In this sense, our study highlights the crucial role for developing effective

e-learning systems played by an appropriate combination of mechanisms and incentives

that facilitate a uniform redistribution of knowledge sessions over time and promote

learners’ intensive, repeated and spaced engagement in self-assessment sessions.
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