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Figure 1: Evolution of the duration of users’ episode over time in each phase.

ABSTRACT

Categories and Subject Descriptors

To truly understand how people learn to navigate and use a
Web site or application, we need to collect real usage data
over extended periods of time. Detailed Web interaction
data gathered in the wild (from URLs visited, to keystrokes
and mouse movements) has the potential to provide an indepth, ecologically valid view of interaction, and enable an
understanding of how behaviour evolves over time. Interpreting such data is extremely challenging, however. We
present a longitudinal data-driven analysis of fine-grained
interaction data captured from 14,000 recurrent users over
12 months. At the core of our approach is the aggregation of low-level interaction data into micro behaviours. By
analysing changes in these behaviours as a function of users’
accumulated interaction time, we were able to demonstrate
how users’ interaction evolves as they become more familiar
with a Web page. The results demonstrate that monitoring micro behaviours offers a simple and easily extensible
post hoc means of understanding how Web-based behaviour
evolves over time.

H.5.2 [User Interfaces]: Evaluation/methodology, Ergonomics; H.5.4 [Hypertext/Hypermedia]: User issues

Keywords
Longitudinal; Web ergonomics; usability; behaviour; Web
interaction

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from Permissions@acm.org.
HT’15, September 1–4, 2015, Guzelyurt, TRNC, Cyprus.
Copyright is held by the owner/author(s). Publication rights licensed to ACM.
ACM 978-1-4503-3395-5/15/09 ...$15.00.
DOI: http://dx.doi.org/10.1145/2700171.2804453 .

1.

INTRODUCTION

Long-term studies are necessary to support the design of
interfaces that accommodate interaction over long periods of
time. Laboratory studies provide a constrained environment
in which confounding variables can be controlled, but are not
a feasible way of studying an individual user’s interaction
over days or weeks. Monitoring behaviour remotely provides
a means of obtaining naturalistic, ‘in the wild’ observations,
but analysing data collected in these circumstances is potentially challenging.
Existing approaches to the remote study of behaviour usually rely on prejudgements that help simplify the analysis
step. Some investigations have either given participants predefined tasks or made assumptions about those that the user
is likely to be performing, to enable the comparison of different interaction sequences [1, 11]. Predefining tasks means
prejudging users’ interaction goals, however, and making assumptions about the task being performed that may be inaccurate; in both cases, this risks the validity of the study.
We designed a remote capture solution and captured detailed Web interaction data continuously for over two years,
and report here on how we are using this approach to understand long term, real world Web usage. Instead of employing a predefined longitudinal interaction metric [7] we were
interested in discovering how users’ interaction behaviour
changes over time. At the heart of our approach is the
transformation of low-level data (such as mouse movements)
into manageable temporal units of interaction, while avoiding assumptions about users’ tasks or goals. These units,
which we term micro behaviours, describe small samples of
user interaction. We describe a number of micro behaviours,

based on evidence from the literature and the application of
a data-driven approach to analysis.
We hypothesised that the changes in these behaviours over
time could be indicators of how users’ interaction behaviour
evolves as they get more familiar with the Web site or application. We compared our initial findings with an additional
four months of captured interaction, supplemented with a
survey that asks users about their familiarity with the site.
The results support our hypothesis that the manifestation
of certain micro behaviours are a valid proxy for users’ familiarity with a website.
We present results discovering evolving aspects of different
micro behaviours over time. When users scroll in a continuous way (such as scanning a page) the speed increases and
the duration of this scroll action reduces as they get more
familiar with the Web page. Users’ interaction time with
the mouse decreases as they become more familiar with the
page, which may be caused by the lack of necessity to explore the page. Finally, we found that users’ episode length
within a Web page increases as they become more familiar,
possibly indicating the reuse of a known page as reference.

2.

CAPTURE SOLUTION

In order to obtain naturalistic observations, it was important that interaction data was captured unobtrusively. Our
solution also needed to be scalable, as it would be required
to manage large amounts of data captured over extended
periods of time. The data reported here were obtained by
monitoring the cs.manchester.ac.uk site. This site contains information about the School of Computer Science at
the University of Manchester, covering news, events, teaching and research, and is used by a range of people (including
current and prospective students and staff). As the site is
frequently updated, the number of pages it contains varies;
in this study we captured data from a total of 1411 different
URLs.
We based our capture solution on the UsaProxy [3] tool,
which supports the recording of low-level Web interaction
events. The original tool was extensively modified, in particular, to allow deployment by adding Javascript code to the
Web pages, rather than requiring users to set their browser
to re-route all connections through a proxy server. Proxies have been successfully employed in short remote experiments in the past [5], but we discovered they are not suitable for longer term experiments. In particular, we found
out that various bots and random internet requests made
the server unstable and led to us closing the proxy connection altogether. More details about the capture tool can be
found in [2]1 .

Captured data.
Specific users are tracked via a unique, anonymised code
stored in a cookie. Events captured include all mouse and
keyboard interaction, as well as browser window events,
changes to the state of the elements on the page, and other
system information. The state of the DOM and its changes
during interaction are also stored, allowing the context of
interaction to be potentially recreated. All the data is
stored in JSON format in a NoSQL database, which allows
for extensibility and query scalability and means that further events can easily be included as required. The design
also supports the modification or removal of existing events
should they become deprecated.
1
The source code for the capture tool is available in
iam-data.cs.manchester.ac.uk/data_files/12.

Window events, indicating when the page is loaded, or
when the page has lost focus, combined with user specific
information, provide context for lower-level events. This
information allows the grouping of events according to the
specific environment in which they took place, such as the
browser tab – identifiable via the page load timestamp – and
URL. Logging the platform and browser version supports
the control of event compatibility according to the system.
The ever-changing nature of the Web and the possibility of
enabling partially supported events makes this information
useful for discerning problems with the way a given system
handles interaction events.

3.

ANALYSIS OF MICRO BEHAVIOURS

The focus of our analysis is to provide insight into how
users’ interaction changes over time. An important initial
step when dealing with large amounts of freely instigated
low-level interaction data is to group it appropriately from
a temporal perspective. We decided to segment the data
into ‘episodes’, which equate to a single, continuous session
of Web use. We split data by applying an inactivity threshold of 40 minutes to user interaction [6, 8]. The threshold
was determined by looking at the distribution of inactive periods, and calculating the point after which the variance between the length of inactive periods was small enough to be
negligible. This helped ensure that the number of episodes
containing a long interruption was minimal [12].
For each episode, we grouped low-level events (individual
mouse movements, keystrokes etc.) into sequences that represent what we term micro behaviours. These behaviours
represent a small sample of user interaction, such as clicking
a link, typing in a text field, or scrolling down the page. Previous work has shown that it is possible to identify certain
behaviours that are common across individuals through behavioural observation and interaction data analysis, and also
that these behaviours are important indicators of both what
the user is doing, and how successfully they are completing
their task [9, 10]. For example, scrolling down quickly to the
bottom of a page and then up again indicates that someone
is struggling to find the information they are looking for [10].
We extracted several micro behaviours from the data,
based on past research, and manual observation of individual
user’s interaction. As opposed to the aggregation of interaction data for each episode – e.g. total amount of scroll
– extraction of micro behaviours allows us to group interactions into smaller units. Analysing finer grained groups
of interactions provides a more detailed insight into users’
behaviour, and supports comparisons that would not otherwise be possible. For example, if a user scrolls down fast for
a short period of time, it would go unnoticed if data were
aggregated for each episode. However, if the scroll actions
are combined into micro behaviours, this interaction would
stand out as a specific “fast scroll” micro behaviour.
We analysed the characteristics of these behaviours to find
meaningful changes over time. In order to account for the
uniqueness of each user, we employed linear mixed models,
which allow the inclusion of random effects. If a linear mixed
model is based on certain independent variables – in our case
a time metric and a micro behaviour characteristic – the random effects represent the residual that cannot be accounted
for by these variables. When random effects are added to
the model, they explicitly model the inter-subject variability. In this case, adding users as random effects tells the
model to consider their values as different subjects. The result is a more sensible interpretation of the data. The model

Figure 2: Mixed linear model showing the relation of users’ aggregated active time against the
duration of the “controlled scroll” behaviour in the
cs.manchester.ac.uk page
is robust against unbalanced data [4] and calculates different intercepts and slopes for each user. It also takes into
account how noisy the data from each user is and calculates
a user specific intercept and slope taking into consideration
data from other users.
In Figure 2 a plot of this model is shown, indicating
the correlation of users’ aggregated active time (aggregated
amount of time the user was active on the page over the
entire period of data capture) against the duration of the
“controlled scroll” behaviour.
The black line represents the model prediction for the
overall population, indicating that the value of this feature
decreases over time. Despite this prediction, it can be seen
that this same feature was found to be increasing over time
for some users. Furthermore, these lines are the result of
the prediction for those particular users taking the entire
population’s data into account, i.e. each line represents the
model for that user “conditioned” by the rest of the available
data.
Due to the linear mixed model’s noise handling behaviour,
the application of these models can be sensitive to certain
users exhibiting particularly strong correlations. In this
case, even if those correlations are not shared by other users,
the model could still be biased towards them. To tackle this,
we applied the model to different user sample sizes chosen
at random from the population. We then observed the distribution of the model’s fixed effect values – i.e. the value
of the slope, indicating that particular feature’s tendency to
change over time. This approach results in a more conservative and reliable prediction of changes. In order to avoid
disparity in the number of data points per user, we also enforce thresholds in the sampling of users. More precisely,
we set a minimum amount of interaction for the user to
be included in the analysis, as well as removing long-term
interaction beyond which users became scarce, to prevent
a small number of highly-recurrent users overpowering the
model. The examples below include users who have interacted for at least 5 episodes, or have 4 minutes of aggregated
active time, and exclude any data after 20 episodes, or 20
minutes of aggregated active time.

4.

FINDING LONGITUDINAL FACTORS

We applied the technique introduced in Section 3 to look
for characteristics that showed a correlation with the time
the user spent in the Web site. Two different metrics were
employed to measure time: episode count and users’ aggregated active time. Aggregated active time is a precise
measurement of the total amount of time the user spent
active in the page. We aggregated the duration of all peri-

ods containing continuous interaction without an interruption longer than a stipulated threshold of 50 seconds. This
threshold was obtained by applying the same technique described earlier, used to differentiate “episodes”, changing the
algorithm to use a scale of seconds.
Data was collected in two phases. “Phase 1” contains
data captured over a year from 14,000 different recurring
users. “Phase 2” occurred over the subsequent four months,
and includes data from over 3,000 different recurrent users.
Throughout phase 2, we concurrently carried out remote
surveys of both first time users, and those who had visited
more than once. More precisely, we compared self-reported
levels of familiarity between first-time visitors and recurrent
users. With 95 answers from first time visitors and 154 answers from recurrent visitors, a Wilcoxon test demonstrates
that the familiarity level of recurrent users was significantly
higher than first time visitors (p-value = 0.021). Therefore
our hypothesis that users’ familiarity increases over time was
supported. We also limited the analysis to the most visited
Web page in the site to remove any variance introduced by
page dissimilarity. Lastly, data has been transformed using
a logarithmic function to respect the necessary assumptions
to apply Mixed Linear Models.
For each example, we present the results for each data
set. The graphs shown in Figures 1, 3, 4 and 5, show the
variance between different iterations of random sampling of
users. We applied the analysis technique 50 times for each
sample size and report the distribution of results. For each
figure, sample sizes start at 10, and increase left to right by
10, until 120 or the maximum number of available users has
been reached. In order to increase readability, the sample
size legend has only been included in Figure 1. The most
relevant aspect of these visualisations is the possibility of
comparing if the result of applying the model to the entire
population – last sample size, not showing any variance –
differs drastically from using smaller samples.
We found that changes present in phase 1 were also found
in phase 2. Some features were not found to have any temporal correlation, showing a normal distribution of results
across the origin. For example, we found no change in the
time from hovering over an element to clicking on it, while
using the mouse.

Controlled scroll speed.
Figure 3 shows the occurrences of users scrolling down for
a prolonged period of time at a controlled speed. As opposed
to users scrolling down fast to the bottom of a Web page,
this behaviour may occur when users are slowly scanning a
Web page. We found that the speed of this scrolling action
increased as users visited the page again.

Figure 3: Evolution of the speed of controlled scroll
over time in each phase.

Controlled scroll duration.
When examining the duration of the controlled scroll micro behaviour in Figure 4, we found that it was negatively
correlated with users’ active time. Taking into account the
increasing speed of this micro behaviour (see Figure 3), users

may scroll faster, and for less time, to find what they were
looking for in the Web page.

Figure 4: Evolution of the duration of controlled
scroll over time in each phase.

Mouse inactive time.
For each episode, we extracted different micro behaviours
concerning mouse interaction. In the example shown in Figure 5 we looked at the amount of time the user spent on a
page without moving the mouse. In this case we analysed
the median of all mouse inactive periods per episode. Our
initial belief was that as they got more familiar with the
Web page users would interact quicker, and take less time
to decide what to do when presented with the page, resulting
in shorter inactive times. Contrary to this initial belief, we
found that users’ mouse inactive time increased over time.
This phenomenon could be the result of users not having to
explore a page they are already familiar with – e.g. firsttime users might want to hover over elements to determine
what the interaction options are.

Figure 5: Evolution of the inactive time of mouse
interaction over time in each phase.

Episode duration.
Figure 1 shows a positive correlation of episode duration
with users’ active time. This means that users’ episodes get
longer as they get more familiar with the page. Our initial belief was that users would need less time to navigate
away from the page as their level of familiarity increases.
One possible reason for this phenomenon is that users could
be coming back to a page they already know to use it as
reference. If the time between visits is smaller than the inactivity threshold set to separate episodes, both visits could
be considered as part of the same episode. Therefore, rather
than longer episodes, this tendency could be showing that
the use of a reference page increases as the user becomes
more familiar with it.

5.

DISCUSSION

We present a technique that provides a means of identifying changes in behaviour that occur over long-term use of a
Website from remotely captured Web interaction data. We
tackle the problem of handling high levels of fine-grained
data – such as mouse movement and scroll action – for extended periods of time, by grouping interaction data into
micro behaviours representing particular aspects of user interaction. New micro behaviours can be included in the
analysis, including data from different interfaces, or new
interaction abstractions. Our contributions are threefold:
we provide the means to achieve a naturalistic observation of Web interaction, remotely capturing data from

users’ environments; we designed an extensible longitudinal analysis technique, enabling the addition of any new
micro behaviour or feature post hoc in order to find new tendencies; and we present a broadly applicable solution,
as it can be easily deployed in any Web site or application.
We present results of the application of our approach.
Some of them supported our initial preconceptions about
Web interaction, showing that the particular action of
scrolling to scan the page becomes quicker over time. Other
results challenged our initial beliefs. We found that users’
interaction time with the mouse decreases as they become
more familiar with the page. We also found that users’
episode length within a Web page increases as they become
more familiar – when using our interpretation of “episode”.
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