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Mobile devices have become an increasingly ubiquitous part of our everyday life. We use mobile services
to perform a broad range of tasks (e.g., booking travel or conducting remote office work), leading to often
lengthy interactions with several distinct apps and services. Existing mobile systems handle mostly simple
user needs, where a single app is taken as the unit of interaction. To understand users’ expectations and to
provide context-aware services, it is important to model users’ interactions with their performed task in mind.
To provide a comprehensive picture of common mobile tasks, we first conduct a small-scale user study to
understand annotated mobile tasks in-depth while we demonstrate that by using a set of features (temporal,
similarity, and log sequence) we can identify if a pair of app usage belong to the same task effectively. Secondly,
the proposed best task detection model is applied to a large-scale data set of commercial mobile app usage
logs to infer characteristics of complex (multi-app) mobile tasks in the wild. By applying an unsupervised
learning framework, we discover common mobile task types that span multiple apps based on various extracted
characteristics. We observe that users generally perform 17 common tasks with 47 sub-tasks, ranging from
“social media browsing" to “dining out" and “family entertainments". Finally, we demonstrate that we can
predict the next complex mobile task that users are likely to perform by leveraging features from the historically
inferred mobile tasks and user contexts. Our work facilitates an in-depth understanding of mobile tasks at
scale, enabling applications for promoting task-aware services.
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1 INTRODUCTION

Nowadays smartphones are not only used for communication — they are increasingly used to
simplify the accomplishment of various everyday activities [5, 6]. Users’ mobile needs span a broad
spectrum: simple needs, such as weather information checking, can mostly be satisfied via a single
app; users may also access a series of apps, collect, filter, and synthesize information from multiple
sources to solve a complex task, e.g., planning a vacation. Helping users complete tasks [26] is
crucial for a number of applications, such as search systems, digital assistants, and productivity
applications. However, little research has explored methods to understand and identify mobile
tasks, let alone to support users in task continuation and task completion.
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Fig. 1. An example of mobile tasks: the cross-app tasks 3, 7 and 9 are the complex tasks we aim to understand.

Tasks with users’ high-level intentions may involve different apps and span multiple sessions.
Consider a hypothetical example of mobile tasks conducted by a single user shown in Figure 1.
The logs are automatically segmented into sessions (defined as a series of consecutive app usage
without standby over a time threshold) using the 45-second inactivity threshold [60]. They are
then manually annotated into tasks with the corresponding task ID. We can observe that the user
performed 9 tasks within 15 sessions. There are three tasks (3, 7 and 9 which maintain more than
two different apps engaged respectively (i.e., scanning PDF, lunch booking and replying to email).
To plan lunch with friends (Task 7), the user first chatted with friends on WhatsApp, and then
accessed Yelp to look for restaurants and booked a table. The user may switch between Yelp and
WhatsApp to get confirmation from friends about which restaurant they prefer to go to. Finally,
when lunchtime was up, the user used navigation in the Google Maps app and booked a ride in Uber.
Within these complex mobile tasks!, users always need to access and switch between different apps
frequently, as well as searching and editing similar texts more than once. If we could understand
users’ tasks in advance, these redundant operations could be optimized. Furthermore, if we were
able to accurately identify sets of app usage with the same intent (i.e., task), we will be in a better
position to evaluate the performance of mobile services from the user’s point of view. From Figure 1,
we can also observe that the complex tasks are ever-changing corresponding to the different apps
involved. However, if we look at the higher-level common intentions behind these complex tasks,
we can find that Task 3 and Task 9 are all related to doing micro-works on smartphones. Knowing
and understanding the common usage patterns/types and recurrent complex tasks could help
us to understand the users’ needs, better interpret their feedback, and capture the requirements.
Therefore, besides identifying the specific complex tasks users conducted, we would also like to
infer the common types of complex mobile tasks users perform.

To this end, we first annotated week-long app usage logs of 20 users into tasks through a crowd-
sourcing user study. We report on the properties of these annotated mobile tasks, learning that 49.3%
of tasks contain multiple app usage logs and 19.7% of tasks have at least two different apps involved.
These all indicate that mobile task modelling, especially for complex tasks, is not a trivial problem.

IReferring to [42], which stated that a search task involving searching one kind of information as low complexity, two or
more information as moderate and high complexity, we define the complex mobile tasks as the tasks that have at least two
apps involved. We use complex tasks interchangeably with multi/cross-app tasks for the rest of this paper.
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We then built classifiers to identify task boundaries between each sequential pair of app usage, as
well as arbitrary pairs of logs that correspond to the same task. However, understanding mobile
tasks of a small-scale lab study is limited, and manually labelling a large-scale data set is infeasible.
By leveraging our proposed best task classifier for automatic task detection, we further explore
complex mobile tasks based on a large-scale data set. A comprehensive analysis is conducted for all
the identified complex tasks by extracting various features from three aspects: context (hour of day,
day of week), content (e.g., the most time-consuming apps) and task complexity (e.g., number of
apps involved and completion time).

Additionally, to uncover if there are common patterns that exist among the complex mobile tasks,
an unsupervised learning framework is applied to cluster all the complex tasks into different groups
based on their extracted characteristics. The large-scale app usage log data we used for complex
tasks understanding are sampled from Yahoo’s Flurry, with more than 17 million logs and 24K
worldwide users collected within a seven-day period in March 20172, Our proposed unsupervised
learning framework is rigorously validated through a wide set of metrics and statistical measures.
Given our task identification model and the extracted task taxonomy based on the clustering results,
we also propose a model for predicting the next complex mobile task users are most likely to
perform (similar to the next app prediction [4, 19, 72], but at the task level). We provide evidence
that task-based representation of users’ historical mobile usage logs could help such prediction.

Our work provides implications for smartphone manufacturers and app developers so as to help
them tailor better smartphone experiences for the inferred complex mobile tasks. The complex
mobile tasks users complete with cross-app and multi-topic usage patterns on smartphones could
help us improve the current mobile systems and applications in supporting task continuation and
task completion. To the best of our knowledge, our work is the first to measure and predict mobile
users’ behaviour within the task space. Our paper has several contributions:

e We conduct a detailed study (§3) presenting patterns of real user app usage logs forming
mobile tasks manually labelled by annotators. We propose a list of features that move beyond
timeouts and demonstrate that they can be used effectively to identify mobile tasks, which
include similarity features for extracting common characteristics and log sequence features
for capturing semantic relatedness between apps.

e We are the first to conduct a comprehensive quantitative study on characterizing the complex
tasks (§4) based on the large-scale commercial mobile app usage logs. A generic mobile app
navigation model is proposed to present an accurate picture for the micro-level interactions
within this analysis, including how users revisit and switch between different apps.

e By clustering the complex tasks based on the extracted characteristics (§5), we provide
evidence that there exist 17 common tasks with 47 sub-tasks, which could be identified solely
from their salient properties. Those tasks range from information check, micro documentation
work and family entertainment.

e By leveraging our proposed task identification model and the proposed complex task tax-
onomy based on the clustering results, we propose a model to predict users’ next complex
mobile task and empirically validate its effectiveness (§6).

2 RELATED WORK
2.1 App Usage Behaviour Analysis
Recent studies have focused on understanding users’ behaviours on smartphones. These range from

which app users will use immediately or in a short time [4, 19, 41, 59, 72], how individuals download,

2The data have been pre-processed to eliminate any privacy concerns. All the data we present in the paper are anonymized
and aggregated.
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Table 1. Summary of the task annotation procedure.
Ref. Search Task [35] Search Task [63] Search Task [46] Mobile Task (Our work)
Labeled item each query log each query log each query log each app usage log
Time span 3 days 5 days 1 week 5 days
Task Guidance "...they have the same criteria | "..group the queries into tasks | ".claimed to be task-related | "...The app usages should be

for "success”, in terms of sat-
isfying the user’s information
need..."

according to annotators’ under-
standing of users’ information
needs..."

within each time-gap ses-
sion..."

grouped into one task when
they all work for the same
aim..."(a number of examples
for explaining mobile tasks
are shown in the annotation
page).

Auxiliary Info.

clicked URLs, page titles, rele-
vant snippets, etc.

search for logged queries and
browse the clicked URLs.

No

App description for introduc-
ing app function, content, and
users’ comments, etc.

No. of Annotators

a group

3

from their laboratory but not
directly involved in this work

3

Label Output Task ID and description No tag and optionally a longer de- | Task ID and optionally task
scription description
Validation No Cohen’s kappa No Cohen’s kappa

install and use different applications [39], how many daily activities users interact with apps [21]
and how app usage varies with context [8, 18]. However, these studies only looked at single app
usage, less research was focusing on user behaviours across apps and sessions, and the types of
tasks that require these behaviours. So far, no research has been conducted for understanding
users’ app usage behaviour under the task space, especially for the common task patterns within a
large-scale dataset.

A smartphone usage session is commonly defined based on a threshold value of potential idle or
standby time between application usage. Carrascal et al. [8, 12] defined a session as an interaction
sequence without turning off the display for more than 30 seconds. Another common strategy
deployed for defining a phone usage session is based on active screen usage, which considers the
time between the screen on and screen off as one session [29]. Van Berkel et al. [60] conducted a
systematic assessment of smartphone usage gaps, and suggested using 45 seconds as a threshold to
segment app usage streams into sessions. Rather than sessions, we study segmenting app usage
into tasks, organizing logs based on high-level user intentions.

2.2 Task Identification

Tasks, which are defined as pieces of work, ranging in scope from specific (e.g., sending an email)
to broad (e.g., planning a wedding), are central to all aspects of information access and use [26].
The mobile "task" we define in our work is more similar to the so-called "task" in search [27, 35, 38],
which consist of a set of queries (apps) corresponding to a particular high-level information need,
and the queries (apps) are not necessarily the same or even similar. In the context of web search,
there have been many attempts to segment and define tasks, relying on a notion of the timeout,
lexical characteristics [63], and topic [30]. Many of them used the idea of a "timeout" cutoff between
queries to bound tasks, i.e. 30 minutes [11, 13, 65]. Some approaches [9, 17, 35] considered lexical
cues and treat queries, titles, and snippets of clicked URLs as bag-of-words, and used some string
similarity metrics (e.g., Levenstein edit distance, n-gram Jaccard) to measure the similarity between
queries. However, Huang et al. [31] later pointed out that many queries relating to the same task
are dissimilar in their surface form but instead are related at the topic level (e.g., queries expressing
car interests: "Honda", "Nissan", and "Ford"). Features that aim to capture topical relatedness have
been proposed by [30] and [46] to improve the accuracy of task identification.

As we discussed above, many works have been conducted for task identification in search [30,
35, 38, 63]; however, how to identify tasks within mobile app usage and what features are effective
have not been studied. To extract the ground-truth of mobile tasks (§3.2), we follow the annotation
procedure of search tasks shown in Table 1. The biggest challenge in identifying mobile tasks is
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that the apps do not include abundant information for search queries. Additionally, most of the app
usage logs do not provide detailed behaviour information within the apps due to privacy issues.
Nonetheless, an essential characteristic of mobile apps is that most of them are created for satisfying
the specific needs of users, e.g., weather apps for displaying weather information and map apps for
helping users in navigation. Therefore, even if we cannot audit internal interactions within apps,
the app description information includes information about the function of the app. We extract
the app description information to help annotators in judging mobile tasks. Another challenge of
mobile task identifying is that we have less support information for verifying if two operations
are serving one task. In the search tasks, even if the queries have fewer words, some common
information can be found in the searched results (clicked URLSs); this can help in determining
whether two queries are related to the same information needs. Going back to our cases, we also
measure other supportive operations to help identify mobile tasks, e.g., whether two apps are
frequently switched back and forth within a short period. In §3.3.5, we show that the traditional
temporal features combined with our proposed novel app-log features, e.g. similarity features
extracting lexical characteristics and log sequence feature capturing topic relatedness, can be used
to classify app streams into task structure. Our proposed mobile task identification models based
on the features extracted from app usage logs, which improve on traditional timeout segmentation,
achieving over 89% in the F-measure.

2.3 Common Types of Users’ Behaviour on Mobile Devices

Since knowing and understanding the common usage patterns/types and recurrent user behaviour
can help us to understand the user needs, better interpret their feedback, and capture their re-
quirements [34], several research studies were conducted to classify users’ app usage behaviour
into different groups based on the unsupervised approaches [34, 37, 69]. Jesdabodi et al. [34] used
K-means clustering to group users’ app usage sessions into 13 groups that correspond to different
usage states, where only the topic information based on Latent Dirichlet Allocation [7] is used to
model each app usage session and only some simple "usage states" are summarised in their work,
e.g., communication and shopping. Researchers also found different types of smartphone users
based on their mobile phone usage behaviour. Katevas et al. [37] investigated an unsupervised
approach for understanding the different types of mobile user behaviour in the daily routines of
340 participants based on their number of screen sessions, phone calls, app launches, network data
activity, number of photos taken, battery drain and ringer mode. They finally proposed a taxonomy
of five types of mobile phone users (i.e., limited use, business use, power use, and personality-
externally induced problematic use) and they tried to mainly explore the relationship between
mobile phone user types and their mental health measures. Zhao et al. [69] examined the app use
behaviours in a large scale study with 106,762 Android users. Using an unsupervised learning
approach, they distinguished 382 types of users based on their app usage traces (i.e., weights of
how much each app category has been used per user). They profiled the 3 biggest clusters ranked
by size and named Night communicators, Screen checkers, and Evening learners — showing that
distinct patterns of usage exist.

In our work, we propose to understand the common types of users’ app usage behaviour under
the task space and focus on exploring the complex tasks with their specific common usage patterns.
Li et al. [40] analyzed task facets to develop a faceted classification of information-seeking/search
tasks, where task facets are defined as different aspects, properties or characteristics of tasks, e.g.
Content, Process, Objective and Perceived task complexity, etc. However, this task classification
is only aimed at identifying different aspects of a task for description. For example, a task can be
described as an individual (no collaboration) task; it is a moderate complexity task (not involving
significantly more paths). However, we aim to provide more insightful implications for future mobile
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services design and improve user experiences based on the high-level intentions, which could be
inferred from the common patterns of complex mobile tasks. Therefore, we firstly conduct the
comprehensive analysis by characterizing the complex tasks from three aspects, including task
context (hour of day and day of week), task content (e.g., dominant/hub/switch app categories, etc.)
and task complexity (e.g., the number of distinct apps involved, task completion time, etc.). Then
an unsupervised framework is proposed to cluster all the complex tasks into different groups based
on all extracted characteristics. Finally, 17 common types with 47 sub-types are inferred from all
the complex tasks, each with an assigned label for summarizing the main characteristics of the
task type, e.g. Multiple Updated Info Check, Social Media Browsing and Info Gathering for Dining
Out, etc. Our proposed complex mobile tasks classification methodology could help the personal
intelligent assistants (IAs) for mapping intents into multiple existing applications/functionalities in
the future. The IAs need to help organize apps/domains automatically given user requests expressed
at the level of tasks (intentions) [58]. For example, upon receiving the task of "Dining Out", we
would like our agent to find a restaurant with good reviews ("Yelp"), reserve a table ("OpenTable"),
check the navigation ("GoogleMaps") and call a taxi ("Uber") instead of only recommending a
specific app to users.

3 MOBILE TASK UNDERSTANDING

To understand mobile tasks, in this section, we first formally define and formulate the mobile tasks.
We then present the way we manually annotated the mobile tasks. By leveraging the annotated
ground truth of mobile tasks, we propose the automatic identification of mobile tasks as two
supervised machine learning tasks. Lastly, we evaluate the performance of a set of predictive
features using supervised classification models regarding our proposed task identification problem.

3.1 Task Definition

App usage log records mobile app interaction behaviours from a set of different users U =
{u1,up, ...,un}. It stores a sequence of app usage L, = {(af,t]), (a},t})..., (a},, t},)} from user
u,, where t]" is the corresponding timestamp when using app a.

Definition 3.1. (SESSION S}') Given user u,’s app usage logs L, and a fixed time-out threshold
7, a session S}’ is a set of consecutive app usage from Ly, such that ¥(a},t]') € S7, (a;.’, tj’.‘) €
Sy, (ap,t]') & Sp, |t — tJ”| < Teur and [t — 1] > Teyr-
The definition of session implies that {S?'}T_, is a set of disjoint partitions of app usage logs
Ly, such that Vi # j, S N S;’ =0 and L, = |U; S". Typical time-out threshold 7., in the context
of mobile apps is set to be a short period, i.e., 30 [8, 12] or 45 seconds [60]. We adopt in the rest
of our paper the threshold z.,; = 45 seconds to segment app sequences into sessions, following
the recommendation from the systematic analysis conducted in [60]. A session, for us, is just a
slice of user time. Other definitions (which conflict themselves) involve an absence of periods of
inactivity [8, 12], or app used between unlocking and locking the phone [36]; ours does not, since
we want to account for tasks, defined below, and use inactivity as a predictor, rather than as a
definition.

Definition 3.2. (TASK T}") Given user u,’s app usage logs L, a mobile task T" is a maximum
subset maxyrer, IT;?| of logs in Ly, such that all the app usage in T;" correspond to a particular
need.

This definition of mobile task indicates that {T," le is also a set of disjoint partitions of app
usage sequence L, : Vj £k, TJV N Tk" =0Qand L, = U, Tk”. However, each Tk" is not confined to a
particular session S segmented only based on time threshold; instead, one mobile task can contain
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Fig. 2. Screenshot of the annotation page in MTurk.

multiple sessions, even if they are not consecutive. A mobile task can be thought of as a group of
related apps to accomplish a single discrete task. As the example shown in Figure 1, all the app
usages of Whatsapp, Yelp, Google Maps and Uber may span across multiple sessions. However,
they belong to the same task of “booking a restaurant to have lunch with friends”.

3.2 Annotation of Mobile Tasks

We sampled the app usage logs for mobile task annotation from UbiqLog [54, 55], where the
participants from the United States were required to install the lifelogging app UbiqLog on their
phones from November 2013 to January 2014. During this period, 20 users are randomly selected,
and the five-day app usage logs for each user are collected, including the anonymized user ID, app
package ID and time. Furthermore, to help the annotators get more understanding with each app,
we also crawled the additional information, including the app title, genre, description, icon and the
URL of the app on Google Play[23]. This dataset is selected for our experiments since all the app
usage activities could be logged within their lifelogging app for each participant, and it’s published
without privacy concerns for such task annotations.

To identify the mobile tasks, three annotators were recruited from the Amazon Mechanical Turk
[3], which is a crowdsourcing website for businesses (known as Requesters) to hire remotely located
"crowd workers" to perform discrete on-demand tasks that computers are currently unable to do.
Annotators were instructed to label app usage logs into tasks according to their understanding of
users’ needs, and they were encouraged to use external resources, e.g. browse the app description
and search for the app functions, to infer the relation between app usage. They were also shown
clicks (i.e. URLs directed to corresponding app info on Google Play) to aid them in their judgements.
As shown in Figure 2, annotators were asked to use their assessment of the user’s objectives to
label each app usage log so that every log belonged to a task. In this way, each unique task would
be labelled with the same task ID number which could be selected from the drop-down menus.
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Table 2. Statistics of annotated mobile tasks.

#User #Log Log/User App/User

20 3558 177.9% 63.7 22383

#Single-log Task #Multi-log Task Log/Task™ App/Task”
717 (50.7%) 697 (49.3%) 41+37 1.7+13

#Single-app Task®  #Multi-app Task™  #Interleaved Task® Task Duration”

418 (29.6%) 279 (19.7%) 320 (22.6%) 22+84.3(min)

* count only in multi-log tasks

The annotators were also asked to write a short description for each task optionally. A guideline
for logs belonging to the same task was that they have the same criteria for "success", in terms of
satisfying the user’s objective. We also build a quality assurance mechanism (with known tasks
described in instructions) to detect malicious responses. Additionally, the same set of two users’ logs
is distributed in each annotator’s annotation assignment to measure their annotation agreement.
Cohen’s kappa on the pairwise annotation of logs showed high inter-annotator agreement, 0.69,
0.65 and 0.71, for the three pairs of annotators.

After aggregating the three editors’ annotations, we got a collection of 1414 tasks annotated out
of 20 users’ app usage logs®, and the basic statistics of this data set are summarized in Table 2. We
observed that for completing 49.3% of tasks, users need to access apps more than once (multi-log
task). A user accessed the clock app four times at 6:00, 6:05, 6:35 and 7:05 respectively in the morning.
This may be because he set four alarms last night to make sure he can get up on time or a new
alarm a few minutes later is always set to sleep a little more every time the alarm rings. Other than
this kind of the single-app task, about 40% of the multi-log tasks have more than one app engaged
(multi-app task). For example, a user switched between Computer File Explorer (which provides
access to pictures, music, video, documents, and other files on smartphones) and MX Player to look
for or watch a video in local storage. Another example is that a user checked the date in Calendar
when replying/sending an email via the Gmail app. We also see that among all these annotated
tasks, 22.6% of them are interleaved (there are other tasks labelled between two sequential app
usage within one task), which means that not all the app usage within one task are consecutively
accessed. All these task patterns above show the need for going beyond single once app usage to
extract long-term mobile tasks. In particular, when we look into those multi-log tasks, they span
4.1 logs, with 1.7 apps and more than 22 minutes on average. These all indicate that the cross-log
and cross-app mobile task extraction are not trivial problems.

3.3 Task Identification

In this section, given the ground-truth characteristics of mobile tasks, we formulate the automatic
identification of mobile tasks as two supervised machine learning tasks and demonstrate their
effectiveness.

3.3.1 Formulation for Supervised Task Learning.

Task Boundary Detection: If tasks are not interleaved, as assumed in previous work [60], it
suffices to find a boundary between one task and the next. To do this we can look at each sequential
pair of app usage and ask whether this pair straddles a boundary. Thus we look at task boundary
detection. Each pair of sequential app usage from a user’s log is a possible boundary between tasks.
We seek to take each such pair and decide whether the pair crosses a boundary between tasks.

3 All the annotated data and annotation guideline can be accessed at https://mobile-task-annotation.github.io/
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Formally we consider the task:
(@), @)y (¢ <) \@Bal 1 < <t} - {01}

where t]' is timestamp of app usage af; ((a}, t"), (a;.’, tj’.')) represents any consecutive app usage
pair; {0, 1} represents a binary variable whereas 0 and 1, respectively, indicate non-boundary and
boundary. This task boundary detection was traditionally addressed using timeouts [60].
Same-task Identification: No previous work has addressed interleaved tasks when measuring
users’ mobile app usage behaviours. Therefore another supervised learning problem is proposed
to cover all kinds of tasks identification, no matter whether they are interleaved or not. In this
scenario, we must consider all possible pairs of apps usage, and consider whether the pair of apps
usage comes from the same task. Correctly performing this task will allow interleaved tasks to be
identified. We call this same-task identification. We seek to learn a classifier to take a pair of app
usage logs and map it to 1 if they are from the same task, and 0 if they are from different tasks. We
consider all pairs of app usage logs {(af, t'), (], t})) such that a] was accessed before a7:

{((af, 1), (a},17)) : ] <t} — {0, 1}

where t}" is the timestamp of app usage log aj'; here ((a], t}"), (a], 1})) represents any possible app
usage pairs.

3.3.2  Predictive Features. We describe the features we use in our experiments to classify tasks
with both task boundary detection and same-task identification models. We experimented with 14
features related to app usage patterns covering three aspects: temporal, similarity and log sequence.
Table 3 provides an overview of the features.

Temporal Features. While timeouts alone have been commonly used as predictors of session
boundaries, they may help in identifying task boundaries and especially when used with other
features. To measure the temporal characteristics of two apps usage, inspired by the study on search
task identification [35], we generate three forms of temporal features: binary_interval, time_diff
and sequential_status. For a given log pair, both binary_interval and time_diff features to capture
the duration of the interval between this log pair, where the longer the duration, the less likely
this log pair would be part of the same task. Specifically, the binary_interval represents whether
the inter-log interval exceeds a threshold (e.g. 10s, 1min, 5min, etc.) while time_diff concentrates
on the exact inter-log time in seconds. Thirdly, the sequential_log feature is used to represent if
two app usage logs are sequential in time, with no instance of other log entries* (apps); potentially
indicating that these two log entries originate from the same task.

Similarity Features. A previous study [66] found that apps in the same or similar genre are
more likely to be used together. Furthermore, users were found to often browse multiple similar
apps to compare and obtain complementary information to accomplish their mobile tasks [64]. To
quantify the similarity between any pair of apps, the broad category or the detailed description
of the app can be used. As shown in Table 3, first, we use the feature same_cate to identify if two
apps originate from the same broad app category (e.g., shopping and music). To capture a more
nuanced similarity between apps, we exploit the app descriptions and leverage four textual similarity
measures: common_w, tfidf_cosine, jaccard_coeff and word_embed_sim, as defined in Table 3. These
four similarity measures of any log entry pairs are calculated based on their corresponding app
description crawled from Google Play, with all stop words filtered out. The former three measures
are based on traditional lexical similarity whereas the word_embed_sim approach utilizes the
semantic similarity based on the word embedding representations of the app descriptions. The

“This sequential_log feature does not apply to task boundary detection given all the log entry pairs are sequential in this
setting.
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Table 3. Overview of features for identifying whether a pair of two sequential or arbitrary app usage logs to
the same task.

Temporal Features

binary_interval
time_diff

sequential logs

Inter-log time threshold as a binary feature (10s, 1min, 5min, 10min, 30min, 60min, 120min), e.g. if
inter-log time > 10s, binary_interval (10s) = 1; otherwise binary_interval (10s) = 0.

Inter-log time in seconds; We may be able to learn good thresholds of inactivity for identifying task
boundaries.

Binary feature which is positive if the pair of logs are sequential in time, with no intervening actions
between the pair of app usage. We expect this feature to be useful for the same-task identification.

Similarity Features

same_cate
common_w
tfidf cosine

jaccard_coeff
word_embed_sim

Binary feature for identifying if pairs of apps belong to the same app category.

Number of words in common of the app descriptions.

Cosine similarity between the term sets of app description while each term is weighted by the tf-idf
weighting scheme.

Jaccard coefficient between the term sets of app description.

Cosine similarity between the word embeddings (§ 3.3.2) based on the term sets of app description.

Log Sequence Features

PMI

pal2
switch_state
switch_prob

Point mutual information for finding collocations and associations between apps frequently used
together within the same session.

The probability for measuring if two apps are always successively used.

Binary feature indicates whether there exists switch (i.e. ai — af' — aj) between a} and af'.

The probability of switch interaction happened with af' and af.

peos_a2
no_dist

The probability that app aj is users’ last app usage of the day.
Number of apps usage logs in between af' and af. This feature is for same-task identification.

word embedding vectors are based on GloVe vectors trained on Common Crawl [2]. The sentence
representation is simply an average of the word embedding representations of all the words in the
sentence.

Log Sequence Features. Sometimes tasks may contain pairs of apps that are logistically related
but do not share common terms in their description. For example, "Yelp" and "Google Maps" may
be used to carry one task, planning a dinner with friends; but both apps have no common functions
and are not from the same app category. To capture such relationship between pairs of apps (af, a} ),
we introduce six features based on leveraging historical app usage data:

e PMI: Pointwise Mutual Information(PMI) [15] is a measure of correlation defined as:

P(x.y)
p()p(y)
The numerator is the probability of co-occurrence of the events x and y; the denominator
is the probability of each event occurring independently. In our scenario, the higher the
PMI between two apps, the higher the possibility that these two apps will co-occur in the
same session. To calculate the PMI of any app pair {(a}, a}), the app probabilities P(a]) and
P(a}) are estimated by counting the number of observations of a7 and a across all the app

I(x,y) = log

usage sessions, and normalizing by N, which is the number of sessions. The joint probability,
P(a'l’, ag), is estimated by counting the number of times that a} and a} co-occurred in the

same session, normalizing by N.
p(af—nzg)
max,n p(a?—»a;‘)

J

® pal2: is the normalized probability that a7 is used right after af within the

same session [35]. It is used to measure whether two apps are always used successively.

e switch_state: captures users’ switching between two apps. For any log pair {(af, a), switch_stateis
1if a} was used right before (a7, a}) in the same session. This represents an in-session user
interaction of @} — af — af, which indicates that the user u,, switches back and forth on a}
within the same session. Otherwise, switch_state is 0.

b f(at—al—al

e switch_pro f(aTa")l) is the probability that a switch between a7 and a} happens when
1 2

accessed sequentially.
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e peos_a2: since often people finish a task before turning off for the day [35], “last app usage of
the day” might be a useful indicator of the last app used in a task. Following from [35], we
generate the feature peos_aZ2 to capture the probability that aJ is the last used app based on
aggregating app usage logs of all users before midnight.

e no_dist: represent the number of app usage logs (distance) between a7 and a} [63]. This
feature only applies to those arbitrary app usage log pairs for the same-task identification.

3.3.3  Predictive Models. Given our predictive features, we introduce a set of state-of-the-art
algorithms to build models for the two classification problems: task boundary detection and same-
task identification. We compare four widely used classifiers: (1) L2-regularized Logistic Regression
(LR) [28], as an example of linear classifier; (2) K Nearest Neighbours (KNN) [16], as an example of
a non-parametric method for classification; (3) Support Vector Machines (SVM) with Radial Basis
Functions kernel [61] as an example of a non-linear classifier; and (4) XGBoost [14], as an example
of a state-of-the-art ensemble learning. These models construct different prediction functions for
the data from different aspects. Rather than training a personalized classifier for each user, we
make our classifiers generic so that they can be applied across all users.

3.3.4 Metrics and Baselines. Four metrics are used to measure the performance of our proposed
classification models: accuracy (Acc.), precision (Pre.), recall (Rec.) and F-measure (F-mea.). We
measure the performance of each method by splitting the data based on users with 5-fold cross
validation (80% users’ logs for training and 20% users’ logs for testing).

Next, we construct a set of baselines to compare against our proposed approach. Since no
prior research was conducted on mobile task identification, we adopt models used in search task
identification [35, 38, 53] as our baselines. These models are based on either timeout or similarity
between queries. To compare with methodologies using a timeout, we use both a thirty-minute
threshold [53], as well as time thresholds learned using cross-validation. To adapt the similarity-
based approaches, we follow [38], which utilizes logistic regression to learn a model using only
Levenshtein edit distance between the current (given) query and all previous queries. This is a
reasonable baseline under the assumption that an intelligently-chosen threshold applied to the
dissimilarity between two queries could provide an accurate prediction of whether two queries are
related to the same task. In our task identification problem, the Levenshtein distance is calculated
based on app descriptions instead of queries. Additionally, Jones et al. [35] use a strong baseline
commonw + prisma + time to identify the search tasks, where the commonw identifies the number
of words in common and prisma is the cosine distance between vectors derived from the first 50
search results for the query terms. Since we are using apps instead of queries, commonw is replaced
by identifying if two apps belong to the same category, whereas prisma is replaced by calculating
the cosine distance between vectors derived from the app descriptions. Lastly, we also use the
mobile session segmentation method with a 45-second threshold [60] as a benchmark, where a
session is considered as a task.

3.3.5 Experimental Results. We evaluate the classifiers for task boundary detection as well as
identify whether arbitrary pairs of logs belong to the same task. Table 4 reports the performances
of these models with different baselines and feature sets. Only results for the logistic regression
classifier are reported in Table 4 since it outperforms other classifiers, as we show in Table 5. The
comparative rankings of models that utilize different feature sets are similar across the different
predictive models (§3.3.3). From Table 4, we can observe that in general, when we combine all
three types of features we achieve the best results for both task boundary detection and same-task
identification, outperforming all baselines.
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Table 4. Performance comparison of different feature sets based on Logistic Regression (5-fold cross validation)
for task boundary detection and same-task identification. * indicates statistical significant (p < 0.05) using
two-tailed T-test compared to the F-measure of best baseline.

Baselines Measurements Proposed Features Measurements
Acc Pre Rec F-mea Acc Pre Rec  F-mea
Task Boundary Detection
Search Threshold (30min) [53] 056 033 0.81 0.47 Temporal (T) 0.63  0.66  0.65 0.64
Learned Time Threshold 052  0.55 0.83 0.62 Similarity (S) 080 0.75 0.92 0.82
Trained Levenshtein distance [38] 0.63 0.61 0.74 0.66 Temporal + Similarity (T+S) 080 0.75 0.92 0.83
commonw-+prisma+time [35] 0.80 0.74 0.94 0.82 Sequence (LS)* 0.87 086 0.88 0.87
Mobile Session Threshold (45s) [60]  0.44 037  0.80 0.51 Temporal + Sequence (T+LS) 0.89 0.87 0.90 0.88
Temporal+Similarity+Sequence (T+S+LS)*  0.89 0.88 091  0.89
Same-task Identification
Search Threshold (30min) [53] 0.77 085 0.85 0.85 Temporal (T) 074 074 1.00 0.84
Learned Time Threshold 0.78 078 1.00 0.87 Similarity (S) 074 074 1.00 0.84
Trained Levenshtein distance [38] 074 074  1.00 0.84 Temporal + Similarity (T+S) 0.78 0.78  0.98 0.86
commonw-+prisma-+time [35] 078 0.78  1.00 0.87 Sequence (LS)* 0.80 0.78 1.00 0.88
Mobile Session Threshold (45s) [60]  0.73  0.74  0.99 0.84 Temporal + Sequence (T+LS) 0.80 0.78 1.00 0.88
Temporal+Similarity+Sequence (T+S+LS)*  0.82 0.82 097  0.89

Table 5. Overview of the performance for different classifiers with the best performing feature sets (5-fold
cross validation). * indicates statistical significant (p < 0.05) using two-tailed T-test compared to the F-measure
of the best performing logistic regression (LR) model.

Classifiers Measurements

Acc  Pre Rec F-mea
Task Boundary Detection
KNN: All Feature Sets (T+S+LS)* 0.75  0.69 0.92 0.78
SVM: All Feature Sets (T+S+LS)* 0.63 0.60 0.88 0.70
XGBoost: All Feature Sets (T+S+LS)  0.89  0.87  0.90 0.88
LR: All Feature Sets (T+S+LS) 0.89 0.88 0091 0.89
Same-task Identification
KNN: All Feature Sets (T+S+LS) 0.75 0.76  0.90 0.82
SVM: All Feature Sets (T+S+LS) 0.76  0.76  0.99 0.85
XGBoost: All Feature Sets (T+S+LS)  0.80  0.78  1.00 0.88
LR: All Feature Sets (T+S+LS) 0.82 0.82 097 0.89

When examining solely on task boundary detection, our model exploiting all feature sets achieves
the highest F-measure score of 0.89. This is when temporal features are used in conjunction with
similarity and log sequence features. This means that time interval, similarity and sequential
relationships between apps are complementary, and should all be taken into consideration to
detect task boundary. When a set of features is used on its own, log sequence features work best,
whereas temporal features perform poorly. Compared against the baseline approaches, despite its
relatively poor performance, our proposed temporal features still outperform the best time-based
baseline (Learned Time Threshold with F-mea = 0.62). These results demonstrate that solely using
the time interval between two app usage (e.g., Mobile Session Threshold [60]) is not sufficient to
indicate that a task has been completed, as assumed in prior studies [60]. We find similar trends for
same-task identification. Note that due to the nature of this problem, our training and test data are
more biased: the majority of app usage pairs do not belong to the same task. This is the reason
why most of the baseline models achieve relatively high performance (with F-measure at around
0.8). Compared to those adapted baselines, models that incorporate log sequence features perform
significantly better. When comparing different classifiers, as shown in Table 5, we find that the
differences are relatively small while the LR classifier performs the best, followed by XGBoost.
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Table 6. Feature weights (absolute value of standardized coefficients) for logistic regression model to identify
the task boundary and pair of logs within the same-task. * indicates p-value < 0.01 using Chi-Squared test.

Task Boundary Detection Same-task Identification
Feature Feature Type Weight | Feature Feature Type Weight
pal2* Log Sequence -1.440 time_diff* Temporal -0.946
time_diff* Temporal 0.832 no_dist* Log Sequence 0.578
common_word”* Similarity -0.521 PMI* Log Sequence 0.232
jaccard_cofficient” Similarity -0.507 word_embed_sim* Similarity 0.352
tfidf_cosine* Similarity -0.500 binary_interval(120 min)* Temporal -0.185
word_embed_sim* Similarity -0.460 pal2* Log Sequence 0.168
PMI* Log Sequence -0.338 switch_prob* log Sequence 0.127
same_cate Similarity -0.310 binary_interval(60 min)* Temporal 0.103
switch_prob* log Sequence -0.275 same_cate* Similarity 0.071
switch_logs* Log Sequence -0.097 jaccard_coefficient® Similarity -0.069
binary_interval(1min) Log Sequence 0.088 tfidf cosine® Similarity -0.050
binary_interval(60min) Temporal 0.075 binary_interval(30 min)* Temporal 0.042
binary_interval(5min) Temporal 0.070 common_word”* Similarity 0.041
binary_interval(10min) Temporal 0.064 sequential_logs™ Temporal 0.037
binary_interval(10s) Temporal 0.053 binary_interval(5 min)* Temporal -0.036
binary_interval(30min) Temporal 0.040 binary_interval(10 min)* Temporal 0.013
peos Log Sequence 0.039 binary_interval(1 min) Temporal -0.013
binary_interval(120min) Temporal 0.036 binary_interval(10 s) Temporal 0.008
peos Log Sequence 0.001

3.3.6  Feature Importance. We showed above that by using a combination of three types of features,
we could get the best performance for both task boundary detection and same-task identification
based on the logistic regression classifier. In this section, we examine the contribution of each
individual feature based on the feature coefficients in their corresponding logistic regression models.

To compare the importance of different features, we divide each numeric variable by two times
its standard deviation [22]. This way, the resulting coefficients are directly comparable for both
binary variables (e.g., categorical dummy variable) and numerical features. Table 6 summarized the
feature weights for task boundary detection and same-task identification problems, respectively. It
is not surprising that time_diff (inter-log time in seconds) is among the strongest signals for both
problems. The longer the time interval, the less likely the app usage pair relates to the same task.
For task boundary detection, most of the similarity features receive higher importance weights.
This indicates that similar apps that are sequentially used are likely to relate to the same task. This
is especially true given the large percentage of same-app tasks (29.6%), i.e., users access the same app
multiple times sequentially. By contrast, for the same-task identification problem, the log sequence
features, especially no_dist and PMI, receive higher weights. This indicates that, for any arbitrary
pair of app usage, co-occurrence based features are more predictive, compared to temporal and
similarity-based features. Not surprisingly, if the two app usage log entries are proximate in time
(time_diff) and more semantically similar to each other (word_embed_sim), they are more likely
to belong to the same task. Interestingly, when the app pair is both temporally and semantically
similar, these two log entries are more likely to form a task if they are more “distant” (i.e., there are
more apps in between, captured by no_dist). This implies that those tasks are commonly interleaved
with other tasks. Furthermore, we find that the binary_interval (120 min) has more influence on
same-task identification than task boundary detection. For any arbitrary pair of app usage, if the
interval time is longer than two hours, this pair is less likely to belong to the same task. For the
similarity features, the semantic-based feature word_embed_sim contributes more to the same-task
identification than task boundary detection.

4 COMPLEX TASK CHARACTERIZATION

By manually annotating mobile tasks from a small dataset (§3.2), we shed light on some important
characteristics of mobile tasks. However, the laboratory study of mobile tasks is still limited. To gain
further understanding, mapping large-scale app usage logs to tasks is required. The complex mobile
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tasks users aimed to complete with cross-app and multi-topic usage patterns on smartphones could
help us improve the current mobile systems and applications in supporting task continuation and
task completion. However, there still lacks an accurate picture of how users engage with multiple
apps during a task, let alone an in-depth understanding of the underlying high-level user intentions.

In this section, by leveraging our best-performing task identification model (task boundary
detection) and a large-scale dataset of app usage logs from Yahoo’s Flurry mobile analytics platform,
consisting of millions of mobile logs from thousands of users, we aim to gain insights from a large
spectrum of mobile complex tasks. Given the best task boundary detection approach (Table 4), we
first extract the temporal and sequence log features from the app usage logs, where the similarity
features could not be extracted due to the app description information is not available in Flurry.
Since the task boundary detection model has performed well when only temporal and log sequence
features are involved (Table 4), we believe that the model still provides useful insights and is
effective for identifying task boundaries. Then the app usage logs are first separated based on the
detected boundaries; and we only keep those tasks with at least two different apps (i.e., complex
tasks) for our further analysis. We proposed an app-stream navigation model and characterize all
the complex tasks from different aspects.

4.1 Characterization Approach: App-stream Navigation Model

Given the available features we could extract from our app usage logs, we propose to characterize
the mobile complex tasks from three aspects: task context, task complexity, and task content. For
the task context, the hour of day and day of week would be used to indicate when the task happens.
In the search tasks, the number of queries, amount of websites visited and completion time is
always used to measure the task complexity [42, 43]. Similarly, we also propose to use the number
of apps/app categories involved, the number of app transitions and task completion time to measure
our mobile task complexity. For the task content, it should include what tasks are about and how
tasks are completed [40]. To characterize the task content, besides the basic topics of this task,
e.g. app categories involved, we propose to capture the relationships among the apps accessed
sequentially for measuring how tasks are completed. For example, such important characteristics
include the "switch" interaction, which captures how users switch between two apps frequently
to accomplish some complex tasks [12]. The different roles played by each app in the task is also
worthwhile to pursue. For example, the "hub app", which users always revisit after interacting with
other apps in a task, may provide more hints on the user intents. For most app usage logs, user
interactions are ordered by timestamps and the accessed apps as shown in Figure 3a. To capture
these types of navigation and provide additional insights on the metrics that measure task content,
we introduce an app-stream navigation model in this paper.

Similar to the Labelled Transition System (LTS) for modelling user navigation in visiting the
websites [62], which uses the click-stream model to capture user actions, the app-stream is un-
derstood to consist of a series of accesses of apps in a complex task. The user simply opens an
app, then leaves that app after some interactions and then visits another app. The transition will

be labelled a ¢ — transition: we interpret the user to undertake a transition p i q from app p to
app ¢q. We are now able to define an LTS describing the app-stream. Let AS = (Z, A) be a labelled
transition system describing app-stream with X: The set of states comprising all apps in the task,
along with two starts (T) and ending (L) states; A: This is the set of actions ¢ the user can take.

4.1.1 Transition Types. To capture the micro-interaction, such as switching apps back and forth
within the task, we differentiate some transitions in our LTS. These transition labels are:

Opening a new app (t): A user can choose to open a new app (an app that has not been visited by
the user in this task) from the current state.
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Time App App Category
12:49:45 WhatsApp Communication
12:50:10  Yelp Food & Drink

12:55:15  WhatsApp Communication
13:05:10  Google Maps Navigation
13:05:43  Uber Transportation
13:06:17  WhatsApp Communication

s Hub App

10 min I_! Dominant App

(a) App Usage Logs (b) App-stream Navigation Model

Fig. 3. App-stream Navigation Model (Hub App: Whatsapp; Dominant App: Yelp; App Switch: Whatsapp ->
Yelp -> Whatsapp; Task Completion Time: 10 min)

Going back to the last app (c): A user accesses (revisits) the last app a that she/he just visited prior
to the current app b (a # b ).

Going back to in-task visited app (f): A user accesses the app that has been visited previously in
this task, but it is not the last app (revisitations that exclude the App Switch).

All the transition types are illustrated in Figure 3b with Task 7 for booking lunch in Figure 1. We
define the transition between WhatsApp and Yelp, which could be tracked by ¢ transitions, as
App Switch behaviours.

4.1.2 Hub Apps. In each complex task, we also want to extract the apps, "hub app", which users
always go back to in a task. This could help us identify whether there are specific apps - or even
specific publishers - that are particularly effective at attracting and engaging switching between
other apps. For instance, users may check the calendar app while replying to email, where the email
app is the “central"” app users are interacting with. Consumers typically generate a greater amount
of § or o transitions to the “hub" app, continually revisiting the “hub" after briefly accessing other
apps. We use H; score to extract the "hub app” from each task, where H is the summation on the
frequency of ¢ and f transitions in the same task of each app. And the "hub app" H_A will be
extracted to be the app that has highest H; in the task, which is defined as follows:

Hy = {ag|ag = oor B} (1)
H A={a|H;(a) = max (Hs(a;),....,Hs (a,)), a; € X} (2)

Since the tasks with no revisiting transitions will be regarded as tasks in which no “hub app" exists,
H;(a) must be greater than 0. If there are multiple “hub apps" with the same highest H;, we extract
all of them as the “hub apps" of this task. In the example illustrated in Figure 3b, the “hub app" is
WhatsApp, since the WhatsApp has the highest H; score, which is 2.

4.1.3 Dominant Apps. Besides measuring the revisited frequency, the time spent on each app
within a task should also be taken into consideration. We focus on distinguishing the time spent
patterns by identifying if one app usage always occupied most of the time or multiple apps are
uniformly used within a complex task. We then extract the app that occupied more than 50% of the
total duration of a complex task as the "dominant app”, e.g., the "Yelp" app in the lunch booking
task (Figure 3b).
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Table 7. Characteristics of complex mobile tasks captured in this study.

Facets Features Values (illustrated by the task in Figure 3b)
Hour of day 12
Context Day of week Saturday
Number of unique apps 4
Complexit Number of unique app categories 4
P Y Number of app transitions 5
Task completion time 10 min
Apps involved Communication, Food & Drink, Navigation, Transportation
Hub app Communication
Content* Dominant app Food & Drink
First app Communication
App Switch Communication -> Food & Drink -> Communication

*: the task content is measured based on the app category level to avoid the sparsity issue.

Table 8. Statistics of large-scale dataset.

Age %users Gender %users
13-17  9.0% female 51.8%
18-24  18.4% male 48.2%
25-34  30.3% 0OS %Users
35-54  36.5% android  57.5%
55+ 5.8% ios 42.5%

In summary, we characterize all the complex mobile tasks from three facets as shown in Table 7:
context, complexity, and content. Each facet is measured based on different features, which could
be extracted from the app usage logs given our proposed app-stream navigation model. In the last
column, we illustrate the values of all the features by the task in Figure 3b. In the following sections,
a comprehensive analysis of the complex task characteristics is conducted based on a large-scale
dataset (§4.2).

4.2 Data

The large-scale data set used for conducting the in-breadth complex task understanding is collected
from Yahoo’s Flurry mobile analytics platform. We collected a sample of logs recorded from a week
(6th -12th) in March 2017 of more than 17 million logs from more than 9K unique apps and 24K
users. Each record consists of the user’s identity, demographics, operating system, timestamp, app
id, app category, and duration, etc. All collected data were anonymized and encrypted. Table 8
shows various statistics of this dataset and the users in our dataset all come from the United States.
Table 9 shows the most popular app categories and their proportions in all the logs, where the app
categories are consistent with the Google Play App taxonomy [24]. In the following sections, we
uncover the various characteristics of complex tasks based on our proposed app-stream navigation
model and this large-scale dataset.

4.3 Characteristics of Complex Mobile Tasks

Since the temporal distribution (task context) of complex tasks follow the general temporal pattern
of app usage, which grew from 6 am and reached its first peak around 11 am, and were most active
during the evening (7 pm to 9 pm) [39, 66], we mainly display the characteristics of task complexity
and task content in this section. More specific temporal patterns corresponding to the different
complex tasks are explored in §5.
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Table 9. Top 10 popular app categories.

App Categories %Logs App Function Examples

productivity 28.6% mail, calendar, notepad
social 10.6% SNS, dating

tools 8.3% caculator, screen lock, light
communication 6.8% SMS, IM, free video calls
entertainment 5.1% TV player, streaming video
utilities 3.3% network, cleaner

sports 3.1% live sports, sports news
music 2.7% music player

lifestyle 2.5% diary, discount, recipe
arcade 2.4% games

1.04 f_,f 1.04
0.84 0.8
o 0.61 w 0.61
[a] [a)]
o (S
0.4 041
0.2 —— App Amount 0.2
—— App Category Amount
—— No. of App Transitions 0.0
0.0 T T T T T T T T T T ' T T T T T T T
2 4 6 8 10 12 14 16 18 20 0 20 40 60 80 100 120
Freauencv Task Completion Time (min)
(@) (b)

Fig. 4. CDF (Cumulative Distribution Function) of app amount, app category amount, number of app
transition, and task completion time in complex tasks.

4.3.1 Task Complexity.

We extract four features for capturing the complexity of mobile tasks: app amount, app category
amount, number of app transitions and task completion time. The CDF (Cumulative Distribution
Function) of them are plotted in Figure 4, where we can find that mostly there are fewer than four
different apps/app categories involved in the complex tasks with fewer than eight times of app
transitions. Additionally, 90% of the complex tasks could be completed in 20 minutes.

App Transitions. Other than the number of apps/app categories involved and total time spent,
which have been used as the traditional statistics to characterize an app usage session previously
[8], we introduce a new feature of mobile tasks to capture the characteristics of apps accessed,
app transition, based on our proposed app-stream navigation model. Given a task, the app-stream
is a time-ordered list of apps accessed by the user within this task; app transition is defined as the
transition between any two sequential different apps in this app-stream. To further explore the
correlation between the number of app transitions and the two other general metrics (app amount
involved and task completion time), we calculate the Pearson coefficient between them. We find
that no correlation exists between the number of app transitions and task completion time (p =
0.041), which means that more times of transitions between apps does not indicate longer time
spent; a weak positive correlation exists between the number of distinct apps used and the number
of app transitions (p = 0.297), which indicates that more apps involved could lead more potential
app transitions among them.
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Table 10. Distribution of app transition types.

Transition Type % Transitions
Open a new app (7) 71%
Switch to the last app (o) 26.7%

Access the previous app ()  2.3%

Table 11. Popular hub/dominant/first app categories in complex tasks.

Popular Hub Apps  Probability Py, ‘ Popular Dominant Apps  Probability Py ‘ Popular First Apps  Probability Py

productivity 0.14 casino 0.61 navigation 0.50
personalization 0.13 social 0.59 comics 0.50
comics 0.12 card 0.57 books 0.45
music 0.12 puzzle 0.57 utilities 0.44
social 0.11 games 0.56 games 0.44
games 0.11 word 0.55 news 0.42
transportation 0.10 family 0.54 lifestyle 0.42
tools 0.10 arcade 0.52 music 0.42
books 0.09 video 0.52 food-and-drinks 0.41
utilities 0.08 board 0.52 weather 0.41

Table 10 shows the distribution of transition types in all complex tasks. We can find that over
30% of the transitions in complex tasks are about accessing the apps visited before in the same
task. Interestingly, the transition type o, switch between two apps, occupies most of the revisitation
behaviour. Thus we may hypothesize that most of the time, users revisit the previous apps to
resume the previous unfinished tasks. We will further analyze the app switch in the following.
4.3.2 Task Content.

Hub Apps: Do hub apps always exist in complex tasks? What kinds of apps have higher
probabilities to become hub apps? With the definition of "hub app", we extract all the hub apps
for each complex task. We find that the "hub app" exists in about 35.3% of complex tasks. Table 11
shows popular hub app categories which are the ones with higher probabilities Pj, to become "hub
app" when compared to the others:

b, ®

(a)
where F(a) means the frequency of complex tasks that have app category a involved, F; (a) indicates
that frequency of the complex tasks that have app category a served as the hub app. We can find
that the app categories, like productivity, personalization, social and games are relatively popular
hub apps. Therefore, the mobile operating system may improve the app recommendation services
by promoting these hub apps on the top of the suggested ranking list or in the quick tab bar when
users want to revisit previous apps (double press the home button in iOS). This can facilitate users’
access to their interested apps more efficiently when completing complex mobile tasks.
Dominant Apps: Is there an app that always occupied most of the time in each complex
task? What kinds of apps have higher probabilities to be the dominant apps? To identify if
the dominant app exists, we first extract all the app categories which have the longest time spent
in each complex task. We find that 95% of the complex tasks are conducted based on one dominant
app category (which occupies more than 50% of the time in a task). This suggests that even users
are engaging with multiple apps together, most of the time they will only engage with a specific app
category rather than spending time evenly on different app categories. To find the app categories
that are more likely to become the dominant app in each complex task, we extract the top app
categories with the highest probability P; to become the dominant app category in Table 11. The

Py(a) =
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Table 12. Popular app categories involved in switch (A->B->A).

Popular A in App Switch  Probability P, ‘ Popular B in App Switch  Probability pg;,

health-and-fitness 0.31 widgets 0.32
personalization 0.27 health-and-fitness 0.32
productivity 0.23 transportation 0.24
tools 0.19 personalization 0.21
music 0.18 communication 0.21
social 0.18 tools 0.18
transportation 0.17 catalogs 0.18
communication 0.15 music 0.16
word 0.13 productivity 0.15
sports 0.13 sports 0.15

P, is calculated in the similar way of Py:

Fa(a)
F(a)’

where F(a) means the frequency of complex tasks that have app category a involved, F;(a) indicates
that frequency of the complex tasks that have app category a works as the dominant app. We find
that the social, game and video apps are much more likely to become the dominant app category,
e.g., casino, social, card, puzzle, games and video, etc. Additionally, the less overlap between these
popular dominant apps and hub apps in Table 11 also inspires us that the apps users always visited
in a complex task may not be the ones with most of time spent.

First Apps: What kinds of apps are always the first app in complex tasks? Within the search
tasks, researchers [50] found that the first query plays an important role in inferring the task types.
Therefore, under our mobile task scenarios, we also want to explore the apps that have a higher
possibility to act as the first app and if they could bring any insights for the whole task. We first
calculate the probability that if an app category occurs in a complex task, how likely it is the first
app user visits in this task by:

Py(a) = 4)

Fr(a
Pr(a) = ;((a)), )

where Fr(a) indicates the frequency of complex tasks that have app category a works as the first
app. The results are shown in Table 11. We can find that the navigation, comics, books, utilities and
games apps are more likely than other app categories to trigger a complex task.

How likely does the "first app" become the "hub app" /"dominant app" in a complex task?
Furthermore, we want to explore whether the first app accessed by users is also the "hub app" or
"dominant app" in each complex task. We then observe that for the tasks that have "hub apps", over
95% of the cases, the first app is the same as the "hub app"; for the tasks that have the "dominant
apps", 57% of them have the first app as same as the dominant app. Therefore we may hypothesize
that when users have a focus while interacting within the complex mobile tasks, they are more
likely to start the task by that focus, the hub app. Meanwhile, when predicting which app is the
hub app within the current complex task, the first app user accessed could be a good initial choice
for the real-time recommendation.

App Switch: is "app switch" as same as app co-occurrence? Understanding the switch interac-
tion is important as it has more significant implications. For example, if Facebook Messenger sees
that people frequently switch back and forth to launch Uber to hire a car, then Facebook Messen-
ger might want to consider integrating Uber (i.e. a riding service) into their own app. Therefore,
the switch is important to be taken into consideration for task mining, task-multiplicity and co-
marketing partnerships between apps. Some previous works [8, 64] have reported the co-occurrence
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Table 13. Popular app switches (A->B->A).

Popular App Switch Probability Pg,,
health-and-fitness -> productivity -> health-and-fitness 0.66
productivity -> health-and-fitness-> productivity 0.66
education->education->education 0.59
productivity -> personalization -> productivity 0.57
personalization -> productivity -> personalization 0.53
transportation -> communication -> transportation 0.51
productivity -> widgets -> productivity 0.50
productivity -> communication -> productivity 0.45
personalization -> tools -> personalization 0.45
music -> social -> music 0.41

of two apps in an app sequence. To identify the differences between the switch and co-occurrence
between two apps, we compare the frequency distributions of switch and co-occurrences of all
the app pairs that appeared in the same complex task with Kolmogorov-Smirnov test and find that,
indeed, there is a significant difference in these two engagement patterns (p-value<0.01). This
implies that only simply counting co-occurrences is not sufficient to capture the switch behaviours
between apps (as there are directional patterns within the app transitions). Modelling complex
tasks and their applications require incorporating more fine-grained interactions.

App Switch: What kinds of apps have higher probabilities to be involved in "app switch"?
Table 12 displays the apps with higher probabilities to be involved in the app switch when compared
with other apps. Since there are two positions in an app switch (A->B->A), we calculate the
probabilities for apps that would be involved in these two positions A and B respectively as Ps,
and Pgy:

_ Fsa(a)
Pu= ©
_ Fsh(a)
sb — F(a) b (7)

where the F(a) is the frequency of complex tasks that have app category a involved. Then F;,(a)
and Fgp(a) indicate the frequency of complex tasks that have app category a involved in an app
switch in the position A and B respectively. We can observe that when users access the apps such
as the health-and-fitness app, they will be more likely (31%) to switch to other apps and then
back to these apps again. It is also interesting to observe that users are more likely to switch
to widget apps (e.g. notification comes when engaging with other apps). Additionally, we also
find that the popular apps accessed in the two positions (A and B) of the switch (A->B->A) are
similar (e.g. health-and-fitness app). This may imply that most of the time, these apps may need
more co-operation with other apps to help users finish their tasks on mobile devices. We are also
interested in the probability that when two apps are visited sequentially (A and B), how likely a o
transition (back to A) will occur next. We extract the most popular app switches in the complex
tasks in Table 13 by ranking the probability Ps,,:

Fsw(a,b)
F(a,b) ’

where F(a, b) means the frequency of complex tasks that have app category a and app category b
sequentially accessed. Then Fj,,(a, b) represents the frequency of complex tasks that after accessing
app category a and b, the user also switch back to a. These popular app switches could provide app
developers with more insights into app designs for improving user experiences. For example, from
the popular switches between health-and-fitness and productivity, we find that when users access
the health-and-fitness and productivity sequentially, i.e. checking email during doing exercises,

Psw(a, b) = (8)
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Table 14. Features used for complex tasks clustering.

Feature | Facets Dimension | Description Values (illustrated by the task in
Figure 3b)

H Context 1 Hour of the day (0 - 23) 12

w Context 1 Day of the week (Monday - Sunday) Saturday

Ngc Complexity | 1 Number of distinct app categories 4

N, Complexity | 1 Number of distinct apps 4

Ng: Complexity | 1 Number of app transitions 5

D Complexity | 1 Task duration (min) 10 min

A Content 45 Binary vector of app categories to indicate their | Communication, Food&Drink,
presence and absence Navigation, Transportation

F, Content 45 Binary vector of first app category to indicate its | Communication
presence and absence

H, Content 45 Binary vector of hub app category to indicate its | Communication
presence and absence

Sa Content 45 Binary vector of app categories to indicate their | Communication, Food&Drink
presence and absence in switch units (a->b->a)

D, Content 45 Binary vector of dominant app category to indi- | Food&Drink
cate its presence and absence

users have a higher probability to switch between them. These findings may help the app developers
to add additional functions to their apps, like mail bulletin in fitness apps.

5 COMPLEX TASK CLUSTERING

By analyzing the characteristics of complex tasks from a large-scale dataset, we have gained insights
of a large spectrum of complex tasks. In this section, we aim to understand the complex tasks
by uncovering whether there are common patterns that exist in them based on our extracted
characteristics of the tasks. The main objective of this analysis is to divide the complex tasks into
natural groups that reflect salient patterns. It can create the taxonomy for mapping users’ complex
tasks into different types, which could help to provide more satisfying mobile services to users. To
this end, we employed unsupervised learning to derive generic profiles of these complex mobile
tasks.

5.1

5.1.1 Complex Task Representation in Clustering. Based on the characteristics of complex tasks
extracted in §4, we represent each complex task using the features listed in Table 14 for a total of 231
dimensions. Therefore, each complex task could be represented with three types of features: context,
complexity and content. Specifically, they consist of the hour of the day and day of the week the
task happened, distinct app categories amount, distinct apps amount, number of app transitions,
task duration, app categories involved, hub app category, first app category, switch app categories,
and dominant app category within the task. Take the task in Figure 3b as an example, the task
representation based on its characteristics could depict this specific complex task as it happened
at 12 p.m. on Saturday; it had 4 distinct apps with 4 app categories, which were Communication,
Food&Drink, Navigation and Transportation; it was started by Communication apps usage; it lasted
for 10 minutes and dominated by Food&Drink apps for 50% of the total task duration. Besides,
users have 5 times of app transitions, whereas mostly transitions are about revisiting the hub app —
Communication. The switch between Communication and Food&Drink apps also existed within
this complex task.

Clustering Approach

5.1.2  Clustering Algorithms. Given that there is no ground truth for how many different kinds of
complex tasks exist, the outcome of a clustering process is not (always) deterministic and may result
in a different partitioning of the data, depending on the specific criteria used (e.g. the number of
clusters and type of clustering algorithm). Furthermore, we do not know a-priori which clustering
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Table 15. Summary of Clustering Algorithm Parameters

Category Algorithm Parameters Value

Centroid K-prototype[32, 33] | Clusters [2,30]

Hierarchical | Agglomerative [51] | Clusters [2,30]
Linkage Type ward, complete, average
Affinity gower’s distance

Density DBSCANT[44] Neighborhood size [1e-3, 2e-3, 3e-3, 4e-3, 5e-3, le-2, 2e-2, 3e-2, 4e-2, 5e-2]
Min samples [5, 10, 50, 100, 300]

algorithm and configuration settings will perform better for the examined domain, so we aim to
opt for several representative options. More specifically, we considered centroid-, hierarchical-, and
density-based algorithms. Additionally, features we used for complex tasks clustering comprise
both numeric (e.g., number of distinct apps, task duration, etc.) and categorical (e.g., hub app
category, switch app categories, etc.) features. However, most of the popular clustering algorithms
are developed for pure numeric data (for example K-means [47]) since the default "similarity”
measures for grouping data points into clusters is Euclidean distance, which is only suitable for
numeric values.

To avoid the common pitfall of resorting to a single clustering algorithm that may not be able to
produce proper partitions and also overcome the issues for mixed data types features, we select the
clustering algorithm that could be applied to mixed data types for each of the centroid-, hierarchical-
and density-based algorithms [1]. Centroid-based clustering algorithms drive the notion of similarity
by the closeness of a data point to the centroid of the clusters. These algorithms run iteratively to
find the local optima and the number of clusters required in advance. Within the centroid-based
clustering algorithms, K-prototypes [32, 33] is an extension of K-means for clustering large data
sets with mixed numeric and categorical values, whereas new representations of cluster centres
and a new definition of distance between a data point and a cluster centre are proposed for mixed
datasets (i.e., cluster centres are represented by mean values for numeric features and mode values
for categorical features). Since the distance between numeric values in K-prototypes is measured
based on Euclidean distance, to reduce the bias resulted from different scales of numeric features, we
normalize them based on z-score before proceeding to the clustering. Hierarchical-based clustering
algorithms work by forming an initial pair of clusters and then recursively consider whether it is
worth splitting/merging each one further; this type of clustering algorithms can be represented
as a binary tree (i.e., dendrogram). To deal with the mixed data types in clustering, Philip and
Ottaway [51] use Gower’s similarity measure [25] to compute the similarity matrix for features in
the hierarchical agglomerative clustering. Gower’s similarity measure computes the similarity by
dividing features into two subsets: one for categorical features and the other for numeric features.
The distance between quantitative features are measured based on "range-normalized Manhattan
distance" and "Dice coeflicient" is calculated for measuring the distance between categorical (binary)
features, so no preliminary feature normalization is done here. Density-based clustering algorithms
search the data space for areas of the varied density of data points in the data space. They isolate
various density regions and assign the data points within these regions in the same cluster. To adapt
the density-based clustering algorithm DBSCAN [20] for mixed data types, Gower’s distance is also
leveraged for measuring the distance between points. Table 15 shows the clustering algorithms
and the ranges of values we used to parameterize them. The set of clustering algorithms X their
parameter settings (see Table 15) results in 217 possible clustering configurations.

5.2 Clustering Evaluation

In order to evaluate the quality of the clustering results from the different configurations used, the
internal validation measures often reflect the compactness, the connectedness and the separation
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of the cluster partitions [45], especially when there is no ground truth of the clustering results.
Zhao et al. [69] stated that although metrics for measuring clustering performance exist (e.g.,
Dunn’s index [48]), they can not penalize both for complexity and non-uniform distribution of
data points across clusters. Therefore, Shannon’s entropy [52] is used to reward the clustering
performance in their work. They defined a clustering performance (cp) score by weighing four
factors. The first and second factors are used to reward the clustering performance using two
well-known metrics: Shannon’s entropy (E) and Dunn’s index. The third and the fourth factors are
for penalizing clustering results: since they used the k-means-MeanShift hybrid clustering method,
so they penalize the results that do not improve over k-means results where the number of final
clusters from MeanShift is close to the number of clusters found by K-means; they also penalize
the results with non-uniform distribution of items across clusters: particularly those in which the
biggest cluster contains most of the items in the dataset. Since our features for clustering is mixed
data types and we opt to use multiple clustering algorithms for meta-evaluation, we are not able to
use the hybrid clustering method they proposed. Therefore, we removed the third factor in their c¢p
score equation, which is specifically defined for their k-means-MeanShift hybrid method. We use
the following cp score, where we keep the same setting of weights as [69] for weighing different
factors in the equation, to measure the clustering performance of different clustering algorithms:

N —
¢p=03E+0.23D +0.23— . (9)
N

The probability used for calculating Shannon’s entropy (E) score is the normalized number of
tasks in each cluster. Thus, entropy assigns a high value to clustering results that have a uniform
distribution of tasks across clusters. Dunn’s index (D), on the other hand, is the internal validity that
measures the compactness and separation of the clusters obtained. The last factor is for penalizing
clustering results that the biggest cluster contains most of the tasks in the dataset, where N is
the number of items input to clustering, n is the number of items in the biggest cluster after
clustering. By combining these three factors, we guarantee that the resulting clusters are compact,
well separated and the number of tasks in the biggest clusters is well distributed (i.e., a single cluster
does not contain most of the tasks).

By using the cp score in Eq. 9, and trying all the configurations of clustering algorithms in Table 15,
we obtained the best clustering algorithm with the highest c¢p score, which is the hierarchical
agglomerative clustering algorithm result in 17 clusters with complete linkage type. We need to
note that, since the three factors E, D and N]\;” have different scales based on our clustering results
(e.g., E € (0,3.8) and D € (0.05,0.3)), we scale each of them by the Z-score method to obtain
the normalized results. We also list the top-ranked results of each category of algorithms with
their corresponding configurations respectively in Table 16. We can find that the hierarchical- and
centroid-based clustering algorithms perform better than the density-based algorithm for our task.

5.3 Cluster Analysis

Ultimately, we obtained 17 clusters (types of complex tasks) based on the best performing Hierarchi-
cal Agglomerative clustering algorithm (Table 16). Figure 5a shows the distribution of clusters with
respect to its number of data points (i.e., tasks). As we can see, there are 7 clusters consisting of more
than 5% of data points. The biggest cluster constitutes 27% of data points. For most of the features
related to task complexity (numeric), we display the average value of the corresponding feature for
the data points of each cluster in Figure 5b - Figure 5d. We can find that the values of most com-
plexity features are strikingly similar across all the clusters (e.g., the number of apps/transitions),
which makes it hard to visually distinguish them. More differences exist in the task completion
time of all clusters, where we can observe that the bigger clusters with more data points are mostly
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Table 16. Meta-evaluating Results of Clustering Algorithms

Category Algorithm Config. cp score
Centroid K-prototype K=30 0.403
K=26 0.386
K=23 0.299
Hierarchical ~ Agglomerative K =17, Linkage = Complete 0.474
K = 30, Linkage = Complete 0.448
K = 16, Linkage = Complete 0.444
Density DBSCAN Neighborhood size = 3e-2, min samples = 5 0.265

Neighborhood size = 3e-2, min samples = 10 0.265
Neighborhood size = 1e-2, min samples = 300  0.118
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Fig. 5. Basic statistics of 17 common clusters.

with shorter task completion time. To appropriately describe the differences among the clusters,
especially with those categorical features (which cannot be aggregated based on the mean value),
we performed a pattern selection step to find the most salient pattern which could distinguish
a given cluster from all the others. Then we analyze the clusters based on those selected salient
patterns.

5.3.1 Salient Pattern Criteria. To better understand the clusters created by our method, we need
to select a few salient patterns that could represent the characteristics of each cluster. In general,
we want to find the distinctive patterns that could distinguish the cluster from the others. To
identify these distinctive characteristics, we use two selection strategies according to the different
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feature types: (1) mean=+2std for complexity and content features; (2) paired t-test p value for context
features.

532

mean=+2std (complexity and content features): The characteristic of a cluster is a special
quality or trait that makes it different from others. Thus, one’s characteristics usually are
not very close to the average of all the clusters. For each complexity and content feature, we
assume that the probability distribution of feature values follow the Gaussian distribution.
Then for each cluster, we aim to focus on those features with values far away from mean
of the feature (more than two standard deviations (std)), i.e. lying outside the interval of
meanz2std [70], which may be good recognizable characteristics for the cluster.

For a numeric feature F, we firstly normalize all the values by Z-score and then get the
interval of mean+2std from the normalized feature value of tasks of all clusters directly. Then
we compare the mean feature value of each cluster to the general distribution of this feature
for identifying if it is a salient feature of this cluster (i.e., falling in or out of the interval of
meanz=2std). For example, if the feature F is task duration (D) and the average task duration
of Cluster 1 is 1.6 minutes which is shorter than mean-2std of all clusters, then the task
duration of 1.6 minutes will be selected as a salient characteristic for representing Cluster 1.
Otherwise, if the task duration of a cluster i falls in the interval of mean=2std, it will not be
selected to be shown as a salient pattern feature for representing this cluster, which means
this cluster has the normal task duration, similar to all other clusters.

For a categorical feature F, since we cannot get the distribution of the feature value directly,
we model the distribution as the fraction of this categorical feature value appears in each
cluster. For example, when the feature F is hub app category (H,), i.e., Social apps, we will
first get the fraction it appears as a hub app in each cluster. E.g., the Social apps have 100
times as the hub apps in all the clusters, which include 12 times (12%) in Cluster 2, 67 times
(67%) in Cluster 4, 10 times (10%) in Cluster 5, 8 times (8%) in Cluster 7 and 3 times (3%) in
Cluster 11. Then we normalize this fraction distribution across all the clusters and find that
the hub app category Social is a salient pattern for Cluster 4 since its normalized fraction
value is bigger than mean+2std of fraction distribution for all the clusters.

paired t-test p-value (context features): The temporal (hour and weekday) feature is a special
case which is kind of the mix of numeric and categorical since even they are discrete values,
they are also ordered. We firstly get the hour/day frequency distribution (Min-Max scaled)
of all tasks as the general pattern of all clusters. Then for each Cluster i, we also get the
hour/day frequency distribution (Min-Max scaled) of this cluster. Lastly, we compare the
distribution of each Cluster i to the general distribution based on the paired t-test to identify
if it could be selected as a salient pattern of Cluster i. When its distribution is significantly
different from the general distribution (p-value < 0.001), the hour/weekday temporal pattern
of the Cluster i is selected as a salient pattern.

Analyzing Clusters based on Selected Salient Characteristics. In this section, we examine

the characteristics of each cluster based on the selected salient patterns. Since the finalized best
clustering algorithm for our problem is hierarchical agglomerative clustering, we are able to further
split the 17 clusters into 47 sub-clusters (which gets the best cp score with the number of clusters
under the limits of 50) to dig into the detailed characteristics of the big clusters. We show the salient
patterns of each cluster in Table 17 - 18. Before we analyze the clusters, we need to note that, firstly,
the clusters are organized according to how many data points (tasks) are in them, with Cluster 1
(C1) representing the biggest cluster. Secondly, due to the limited space, we only list the top one or
two values of each salient pattern in Table 17 - 18, which are selected based on the criteria defined
in §5.3.1; the symbol "-" means there is no salient pattern for this feature of this cluster. Lastly,
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since the number of app categories/apps/transitions (feature Ny, N,, and Ng;) are similar for most
of clusters (as shown in Figure 5), we do not show them separately and only mark the clusters with
salient values of these features with "." on the cluster name in Table 17-18. Based on the distinctive
characteristics (i.e., hub app category, dominant app category, switch units and sequences, etc.) of
each cluster, we also summarize each cluster with a task label under the cluster number (e.g., we
label the biggest Cluster 1° as "Multiple Updated Info Check") and a task description in the last
column.

From Table 17-18, we can observe that there exist several common trends of complex mobile
tasks from the 47 clusters characteristics:

o Gathering the real-time information every now and then. From the top-ranked clusters (C1 and
C3), we can find that gathering the latest information and updates is a great demand for mobile
users to conduct complex tasks. Almost one-third of the complex tasks are performed since
users tend to browse multiple information sources together on smartphones to obtain the
latest information (C1). These tasks are all very short, lasting only about 1.6 min, during which
users may try to skim the latest mails (productivity), stock (finance) and weather information
sequentially. Additionally, other than gathering information from multiple sources in one
go, this information gathering behaviour also occurs while users are intensively engaging
(i-e., the hub and dominant app of the task is the same app) with another app (C3). Examples
include: checking news while watching TVs (C3-5), checking the navigation and weather
information before going outside for running/cycling (C3-18) and checking flight tickets
during online meetings (C3-30). Furthermore, most of these information-gathering complex
tasks have no specific temporal pattern, which means users usually perform those types of
tasks every now and then.

e Social or communication dominated complex tasks are popular. It is widely known that social
networking and messaging apps are popular on smartphones [8, 18, 21]. We find that these
apps are not only popular for independent usage, they are also engaged in conjunction
with multiple other apps together, occupying about 30% of the complex tasks (C2, C4, Cé,
C13, and C16). We observe that users would intensively browse social networking apps
(C2) or communicate with friends (C4). For the social networking dominated complex tasks,
most of them are performed because users tend to browse multiple social networking apps
together. For the communication dominated complex tasks, other apps are mostly involved
as the auxiliaries to facilitate the discussion (e.g., info search). These kinds of social or
communication oriented complex tasks could happen all day, which have no specific temporal
patterns. Besides, social apps are usually engaged with other apps during specific times, e.g.,
browsing social media apps while listening to music during the night (C6), checking the social
networking apps while watching TV during the evening and night (C13-28). Communication
apps are also frequently used within many types of other apps as a supportive channel, e.g.,
communicating with friends for making shopping decisions (C4-22), playing cards (C4-19) or
discussing some complex topics (C16).

e Different forms of game playing with different game types. There are three different kinds
of game-playing dominated complex tasks (C5, C10, and C14), which account for 11.4% of
the complex tasks. Firstly, for Arcade, Sports and Casual games, users prefer to engage with
them in addition to other different games together (C5). For Puzzle games, users mostly only
focus on the same category of puzzle games, but auxiliaries are always needed to figure out

5Since we have clusters with two kinds of granularities, we use the form of C# to refer the original clusters (17 in total), e.g.,
C2; we use the form of C#-# to refer to the sub-clusters (47 in total), e.g., C2-9, where the first number is the original cluster
number (C2) and the second number is the sub-cluster number (C9).
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the puzzle (C10). Similarly, for word and board games, users prefer to only engage with the
same kinds of games, but for a longer period of time (C14). Additionally, for all of these
game-playing dominated complex tasks, they mostly have specific temporal patterns, e.g.,
intensive (long-time) word/board game-playing usually happen during night time (C14).

e Micro-work tasks at any time. Smartphones are more likely to be used as a "pocket mobile
computer” nowadays, whereas diverse tool/utility apps are installed for helping users to
complete micro-work tasks. However, many tools and utility apps are designed only with
functionalities that focus on a single dimension. Some complex tasks are conducted given
cooperation between multiple tool apps are required when completing the micro-work tasks
(C7-6), e.g., calculation with note-taking (with Calculator and Notes app). Taking notes on
different information sources (C15) are also usually performed. Additionally, users may also
use multiple tool apps to complete more advanced personalized mobile settings (e.g., task
management) (C7-15). Other than those basic tool cooperation oriented complex tasks, users
increasingly prefer to use the smartphone for conducting quick documentation works (C8-11),
e.g., replying to email or editing documents (with auxiliary tools) while communicating with
colleagues. Editing the videos and photos with auxiliary tools on smartphones (C8-16) is also
a growing trend. Most of these micro-work complex tasks have no specific temporal patterns,
which means users would conduct them at any time.

e Media reading from multiple sources. The last common pattern for generating complex tasks
is media reading. We can observe that, even with one media format, users prefer to engage
with multiple sources together, e.g, reading news from multiple different news platforms (C9),
engaging with multiple lifestyle apps (C11) and watching videos from different video sites or
switch between video and TV sites (C12). Furthermore, it is interesting to find that different
from the engagement pattern of video sites, while watching TVs, users would focus on one
TV app and did not switch between different TV sources. However, they will be distracted by
social media or message notifications (C13).

Our clustering results shed lights on fine-grained patterns of how users perform common complex
mobile tasks in the wild. By further mapping the annotated tasks we have observed in § 3.2 to
our clustered results, we provide evidence that a large spectrum of the complex tasks could be
covered by our mined task types even they are not from the same dataset. Firstly, the task shown in
Figure 2 (Page 7), Facebook—Messenger—Facebook, could be perfectly mapped to the subcluster
C2-9 Social Sharing (belonged to C2) in Table 17 (Page 26), which has the salient switch pattern:
Social —» Communication — Social. For the example that a user switched between Computer
File Explorer and MX Player to look for or watch a video in local storage, it could be mapped to
C12-17 (C12) Video Watching Time as the video app is the hub and dominant app within that task.
For another example, user checked the date in Calendar when replying/sending an email via the
Gmail app, it can be mapped to the C8-11 Doc Editing (belonged to C8), where the switch between
productivity—tool—productivity is a salient pattern.

6 COMPLEX TASK PREDICTION

Based on our proposed mobile task identification model (§3) and the complex task clustering
framework (§5), we are able to extract complex mobile tasks from users’ app usage logs, assigning
a task label for each task. In this section, we aim to further explore how we can leverage these
extracted complex tasks.

Tasks have steadily emerged as accurate units to capture users’ goals and behavioural insights.
With improved speech recognition and information retrieval systems, users are increasingly relying
on intelligent assistants (IAs) on mobile to complete their tasks. However, the current IAs mostly
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Complex Task (C3-26) Complex Task (C12-17)
15:21 1545 16:59 17:18  17:23  19:04 18:16 20:07 20:37

ai mgoh B D

Single-app Task Single-app Task
Measurements Historical Logs Representation for Prediction | Historical Logs Representation for Prediction
App Category Social, Social Social, Social, Communication, Food-and-drinks,

Communication, Navigation, Music

None Dining Out (C3-26)

App Category + Social, Social Social, Social, Dining Out (C3-26), Music

Fig. 6. lllustration of complex task prediction based on different measurements.

focused on providing service from a specific app, users could only get little or no help when their
needs come from multiple apps. For the "Dining Out" task, if we only measure users’ app usage
behaviour, the IAs may only be able to predict that users would like to use a single food app,
but have no ability to make the seamless integration with different related apps (navigation and
transportation, etc.) for helping users complete the task. Since we are the first work that focused on
mobile tasks understanding, we aim to tackle the preliminary problem — predicting what complex
task users will perform next. This is similar to the next app prediction problem [4, 19, 72], but at the
level of task. It is well known that intelligent systems should help people get tasks done - task-aware
recommendation and assistance are the critical areas that require task information inferred from
user behaviours. For example, by knowing the specific complex task user would engage in, the IAs
could be able to track the task progress and task completion. Under the "Dining Out" task context,
if the user only booked the table of the restaurant without checking the navigation or traffic status,
the IAs could push notifications or suggestions to remind users to call a taxi in advance due to the
rush hours for having dinner.

To clarify the complex task prediction problem, we illustrate the experimental process as shown
in Figure 6. Firstly, based on the task boundary identification model proposed in §3, we can identify
all the tasks based on users’ app usage logs. All these extracted tasks could be classified into two
kinds of mobile tasks: single-app tasks and multi-app (complex) tasks, whereas each complex task
could be labelled with a specific task type (i.e., 47 sub-clusters) based on the clustering results in §5
given its characteristics, e.g., "Dining Out" (C3-26) and "Video Watching" (C12-17). We then only
focus on proposing models for the new problem of predicting the next complex tasks users will
perform, given predicting single-app tasks would be equivalent to the next app prediction problem.
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6.1 Method

The goal of the complex task prediction is to infer the detailed type of the task, i.e. 47 sub-clusters
labels (§5.3.2). Therefore, the prediction could be modelled as a multi-class classification problem
of 47 types within the complex task space T. The complex task prediction problem is formally
defined as follows: given the app usage logs L = {(ay, t1), (az, t2), ..., (a;, t;) } (Where t; is the corre-
sponding timestamp when using app a;) used before the prediction time and temporal context C
(hour of day and day of week), the problem of complex task prediction is to find a task T that has
the highest probability of being used under C. Specifically, we aim to solve:

T= argmax P(T;|L,C)
T;€T

Since there are no previous works conducted for complex mobile task prediction, we first propose
two common baselines used by the previous next app prediction studies [57, 68, 72]: MFU (most
frequently used) and MRU (most recently used). Specifically, the MFU indicates that the predicted
task type is the most frequently used task. The MRU means the predicted task type is the most
recently used task.

For adapting the other app usage prediction models to our complex task prediction problem, we
need to note the sparsity issue encountered by the complex tasks. Given that only 20% (Table 2)
of users’ tasks could be identified as complex tasks, a user may only conduct a specific type of
complex task for only once within all his/her historical app usage behaviour (especially when
regarding our week-long dataset). Therefore, many of the personalized app usage prediction models
could not be applied to our complex task prediction problem, especially for those which leverage
the periodic pattern [41, 59] and context patterns [72]. We then select two generic app usage
prediction models (by leveraging all users’ logs) proposed by Do et al. [19] and Xu et al. [67] as our
other baseline approaches. Do et al. [19] extracted the predictive feature based on the historical
count of app-view-events of different apps that are used at least once a week by the user, and also
time-of-day and day-of-week to represent the temporal context. Xu et al. [67] proposed a generic
app usage prediction model based on Long Short-term Memory (LSTM), which is an enhancement
of the recurrent neural network (RNN) model. The proposed model converts the temporal-sequence
dependency and contextual information into a unified feature representation for predicting the
next app. Specifically, the input feature consists of the app usage sequence before timestamp ¢
appended with the temporal information.) To adapt these two models to our problem, the apps
are replaced with task types for generating the input and the output of the models. Finally, we
propose to extract the predictive feature by measuring users’ historical app usage behaviour in
different units. Specifically, we first propose to generate the predictive features by three different
aggregation approaches based on users’ historically engaged complex tasks:

(1) Binary Feature: binary vector to indicate the appearance of different complex task types;

(2) Frequency Feature: vector of bag-of-task to indicate the times users engaged with all the
different complex task types;

(3) Distribution Feature: vector of the probability distribution to indicate the frequency distribu-
tion (sum to 1) users have engaged with all the different complex task types.

Other than these features for modelling users’ historical app usage behaviours based on complex
tasks, we also keep the temporal context features: the hour-of-day and day-of-week while doing
the prediction. Besides the features only based on complex tasks modelling, we also propose to
extract the predictive features based on app categories with different aggregation methods since
they could monitor all the app usage behaviour of users and can be compared to the complex tasks
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representations. Additionally, the hybrid predictive features that include both app category- and
task-based representations are also evaluated.

To summarize, to further compare the performance for measuring users’ app usage behaviour with
different units for complex task prediction, we propose to extract the predictive features based on
three different units: app category, complex task, and the combination with both of them. As shown
in the Table at the bottom of Figure 6, where we can observe the differences for measuring users’
historical logs with different units. For example, when predicting the complex task "Dining Out", no
complex tasks have been performed previously, if we measure the user’s historical behaviour based
on complex task units, no information could be used for the prediction. When it comes to the next
prediction for "Video Watching", there is one complex task that has been conducted before. Different
from the app category measurement, multiple apps usages (communication, food-and-drinks and
navigation) would be merged into one complex task representation ("Dining Out") for modelling
the user’s historical behaviour and then be used for the prediction.

6.2 Results

We conduct the traditional machine learning classification experiments based on our extracted
predictive features and the ground truth (i.e., 47 types of complex tasks). We apply the 10-fold
cross-validation to evaluate each model. At each time, we split all the users into training and test
set: the logs of 9-fold of the users are used as the training set, and the remaining 1-fold users’
logs are used as the test set. We use a set of state-of-the-art algorithms to build models for our
prediction problem: (1) Random Forest (RF) [10], as an example of ensemble learning method; (2) K
Nearest Neighbours (KNN) [16], as an example of the non-parametric method for classification; (3)
L2-regularized Logistic Regression (LR) [28], as an example of the linear classifier. We report four
metrics with 10-fold cross-validation: accuracy (acc), precision (pre), recall (rec), and F1 score (F1).
The F1 score is mainly used for comparing the performance of different models since it is more
suitable to measure the performance of unbalanced classification problems (i.e., tasks types are
unbalanced distributed as shown in Fig 5a).

Table 19 reports the performances of baselines and different measurement unit representations
with different feature extraction methods. We mainly report the results for the logistic regression
classifier in Table 19 since it outperforms other classifiers, as we show in Table 20. From Table 19, we
first find that among all the baselines, the MFU and Do et al [19] which mainly take the popularity
of tasks into consideration perform better than the sequential pattern based MRU and Xu et al. [67].
This is because only 20% of all tasks performed by the users are complex tasks. Given there can be
many other simple tasks (e.g., a task accomplished by one single app) between two complex tasks
in users’ interaction sequence, it’s not surprising that the last or previous complex tasks have only
marginal effect on the next one. Therefore, our proposed methods are mainly based on the historical
popularity and temporal patterns (hour-of-day and day-of-week). When comparing the different
measurements between app category and task, we find that task-based representation improves
the F1 score by about 4.2% than the app category-based prediction. The best overall method is
modelling the historical logs by both complex tasks and app categories, which could improve
the best baseline by about 12.6%. Additionally, we can find that the best aggregation approach to
generate the predictive feature is the distribution probability of different tasks types/app categories
for predicting the complex task.

To summarize, our experiment results validate that our proposed representation of users’ app
usage behaviour could improve the complex task prediction on smartphones significantly, especially
when compared to the best baseline (f1 is improved by 12.6%) and the traditional app-based
representation (f1 is improved by 9%). Furthermore, given the best method is to combine app
category and task-based representation, we state that no matter what kind of task-based applications
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Table 19. Performance comparison for complex task type prediction results with the logistic regression
classifier (x indicates statistical significant (p<0.01) using two-tailed T-test compared to the best baseline:MFU;
T indicates statistical significant (p<0.01) using two-tailed T-test compared to the best app category based
representation with distribution aggregation approach).

Baseline App-category-based Representation (A) Task-based Representation (T)
Method Acc.  Pre. Rec. F1 Method Acc.  Pre. Rec. F1 Method Acc.  Pre. Rec. F1
MFU 0472 0.538 0.472 0.491 | Binary 0.371  0.703  0.371  0.469 | Binary 0.426 0718 0.426 0.517
MRU 0.424 0.448 0424 0432 | Frequency 0423  0.636  0.423  0.487 | Frequency 0.437  0.682  0.437  0.508

Doetal.[19] 0437 0.682 0.437 0.508 | Distribution® 0.408 0.803 0.408 0.525 Distribution*’ 0441 0795 0441 0.547
Xuetal[67] 0475 0.522 0475 0.494

Hybrid (App Category + Task) Representation

Binary (A) + Frequency (A) + Distribution (A) +
Method Acc.  Pre. Rec. F1 Method Acc. Pre. Rec. F1 Method Acc. Pre. Rec. F1
Binary (T) 0.439  0.691 0.439  0.522 Binary (T) 0.408 0.728 0.408  0.496 Binary (T) 0.447  0.711 0.447  0.535
Freq.(T) 0.452 0.643 0452 0.517 Freq. (T) 0.453 0.640 0.453 0.512 Freq. (T) 0.450 0.665 0.450  0.519
Dist. (T) 0478 0728 0.478  0.566 | Dist. (T) 0.405 0.726  0.405 0.493 | Dist. (T)*f 0.473  0.772 0473  0.572

Table 20. Performance comparison for complex task type prediction results based on different classifiers. The
best aggregation approach is shown for each classifier.

App-category-based Representation (A) Task-based Representation (T) Hybrid Representation (A+T)
Acc.  Pre. Rec. F1 Acc.  Pre. Rec. F1 Acc.  Pre. Rec. F1
RF (Freq.) 0436 0627 0436 0500 | RF (Dist,) 0456 0578 0456 0499 | RF (Dist.) 0472 0654 0472 0535
KNN (Freq.) 0375 0466 0375 0.406 KNN (Freq.) 0.408 0.507 0.408  0.440 KNN (Dist.) 0391 0526 0391  0.437
LR (Dist.) 0.408 0.803 0.408 0.525 | LR (Dist.) 0.441 0795 0.441 0.547 | LR (Dist.) 0.473  0.772 0473  0.572

need to be explored, for knowing which complex task users aims to conduct, both app usage and task
signals should be taken into consideration for modelling users’ behaviour. Otherwise, users’ superior
intentions of tasks could not be well understood. Lastly, we need to note that, the improvements of
the proposed task-based method are not as huge as we expected is mostly because the complex
tasks only occupied less than 20% tasks (Table 2) among all the users’ app usage tasks, where
not much detailed pattern among tasks could be learned accurately. Additionally, a more serious
cold-start issue would be encountered by task representations when conducting the prediction. As
the example shown in Figure 6, when predicting the "Dining Out" task, there are no complex tasks
that have been performed by the user before, so the predictive features based on task representation
could not provide any information. Additionally, this is also partially due to the nature of our data
collected. Since we only utilized one-week app usage logs, it might be more difficult to acquire
sufficient complex tasks for each user. When the long-term data is available, the sparsity issue of
complex tasks could be alleviated, whereas the performance based on task measurement could be
further boosted.

By knowing which task the user aims to perform in advance, the intelligent assistants (IAs) could
automatically help users organize tasks across domains or apps given a user’s request expressed at
the level of tasks. To be specific, upon knowing the task “Dining Out”, the IA should recommend
popular restaurants by browsing Yelp (even with multiple similar food apps together), then book
the table and report the navigation according to the Google Maps for the one chosen by the user.
Optimized transportation methods and estimated time spent also need to be recommended to
the user based on the real-time traffic status. Finally, IA could also be able to send the detailed
information of booked restaurant, table number, time, or car number of the taxi to the user’s
messages box or display them on the home. Instead of only recommending which app users would
use next, tasks should be understood by IAs, especially for those tasks across multiple apps, which
are time-consuming and difficult for users. In other areas, researchers have argued for decades
that information retrieval (IR) systems should help people get tasks done. For the mobile search,
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Carrascal et al. [12] highlighted that tasks are more important than individual mobile app usage.
They found that the categories of apps used before and after a mobile search, as well as complex
switching between apps and search, point to an overarching theme of task completion. So if we could
infer which task the user is going to perform, the mobile search could preempt these behaviours
and offer more proactive search experiences. Essentially supporting users in task continuation and
task completion. For example, when the task of "Multiple Updated Info Check" has been detected,
the user aims to collect all the latest information from different sources, not a specific app. Even
the user only engaged with a finance app just now, if they searched "USPS", we should know
that he/she probably wants to get the latest tracking information under the task context rather
than recommendations of post services. We leave the validation on benefits brought by task-based
modelling of app usage behaviour in mobile search as our future work when the search data could
be collected.

7 DISCUSSION

Users increasingly prefer to complete tasks with mobile devices in their daily life. While modern
mobile devices only effectively serve many of the individual apps that correspond to simple mobile
needs, users get little or no help when their needs transcend the boundary of a single mobile app.
In our study, we propose to set the stage for evaluating mobile apps usage, not on a per-app basis,
but the basis of user tasks. We first proposed a method that accurately determines mobile tasks
from users’ app usage logs. We showed that a set of temporal, similarity and log sequence features
used in combination can effectively predict mobile tasks. Then the automatic identification of
mobile tasks is employed in a large-scale dataset, where we try to understand the mobile tasks that
exist in a wide range of smartphone usage and focus on the complex tasks since they are more
time-consuming and difficult for users to complete. The complex tasks are then characterized from
three aspects, including context, content and complexity. Given the extracted characteristics for
representing complex tasks, we show evidence that there actually exist several differentiable groups
of complex tasks, which could be identified solely from their salient properties. It provides us with
a fine-grained picture of the common complex mobile tasks users perform in the wild. Finally, we
further validate that tasks are more accurate units to capture users’ goals and behavioural insights
for predicting the next complex task user will perform.

7.1 Implications

Currently, the cognitive burden of keeping track of complex mobile tasks is placed on the user.
The tasks with high-level intentions that span across multiple apps/services should be taken into
consideration. As far as we know, our work is the first proposed study to understand users’ app
usage behaviour with the task space and we provide a more accurate picture of mobile tasks from
identifying, analyzing and predicting tasks. Smartphone manufacturers, app developers and anyone
who impact the way how apps are engaged on phones, which apps are used and how people select
apps to execute, should no longer treat apps independently. Based on the mobile tasks we observed,
we elaborate on the implications of our research as below.

7.1.1  For smartphone manufacturers. Smartphone manufacturers can build smartphones with
operating systems that could provide an intelligent switching interface towards improving the
user experience. As we have discovered in our work, mobile users have common requirements
for engaging with multiple apps together, thereby creating a need for an efficient app switching
mechanism. If the switching interface can be improved by absorbing the concept of shared intents
in within app switching as well as optimizing the layout design to support navigation between
recently used apps, there should be a possibility to enhance the efficiency and user experience for
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both the workflow and fragmented attention usage on the smartphone. In our work, we have found
that some apps have higher possibilities to serve as the “hub" app (has the highest possibility to be
switched back to) during a complex task (§4.1.2). This feature can be taken into consideration when
predicting which app will be switched to next, rather than always popping up the app most recently
used. Additionally, the “hub" app, as the communication app in C4 (Communication Supported
Tasks), could be set as the background or positioned within the central viewport when designing
the layout of the switch panel.

7.1.2  For app developers. Screen management apps could help users manage their apps in a more
efficient way based on the typical complex tasks found in this paper. Rather than managing apps
solely based on their categories, they can be organized based on tasks, taking into account users’
contextual information (e.g., time and location). For example, the C10-39 (Intense Puzzle Games
with Auxiliaries) always has a higher possibility to happen in the evening. Therefore, the puzzle
and notepad, which are originally from two app categories, could be placed closer for ease of
access during this time. Furthermore, app developers should also be thinking about improving
their services in terms of co-operations with other apps, which is important to be taken into
consideration for co-marketing partnerships between apps. For example, we find that users prefer
to switch between communication and card apps in C4-19 (Card Games with Communication). App
developers may want to add an additional function to their card apps, like a communication bulletin,
or messages pop-up. Additionally, the app developers should also improve their services by making
it easy to complete any mobile tasks in a single app, which means the design of applications should
be self-sufficient. For example, we find that users prefer to access mail, finance, news and weather
apps sequentially when doing the morning regular check (C1 - Multiple Updated Info Check). The
app developers may need to think about designing an information integration app for helping users
obtain the information more efficiently. Some interesting patterns of different information sources
could also be aggregated before showing to users, e.g., the relationship between the trend of the
stock market and the latest news.

7.1.3  For researchers. No previous study has analyzed or addressed the identification of mobile
tasks. We are the first to understand users’ app usage behaviour within the task space. While user
behaviours are largely determined by their own tasks, the mined knowledge about user tasks from
log activity data reveals different user intentions and behaviour patterns, which could provide
unique signals for user-centric optimization and personalization. Our work provides preliminary
steps in shaping future research on investigating whether and how the task information could be
leveraged to improve mobile services from the following aspects.

o Task-based recommendation/services. Incorporating the analysis and prediction of tasks into
mobile device infrastructure could improve the user experience in many ways. For example,
if smartphones were able to identify which kind of task would happen, this information
could be used to improve mobile service quality. Past information could also be retained
and displayed to help the user re-establish the context of a mobile task, relieving the user
from the burden of recalling past interactions, e.g., show the restaurant info on the top of the
phone while the "Dining Out" task to avoid users frequently copy and paste restaurant name
and address information. Furthermore, if we could predict that a user was going to return to
a task that has only been temporarily suspended, the smartphone could help support future
related app interactions.

o Task-based user modeling. Tasks could help researchers generate a more accurate profile for
each mobile user. We postulate that app usage logs contain information about various actions
that users perform and profiling users based on tasks would better capture the heterogeneity
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in user information and help us in modelling users, which may result in better performance
than basic bag-of-app based representations [56, 71]. For example, two specific users may
all have social-networking and photography apps installed, but one user would prefer to
use them separately and another user may love to use these two apps for sharing their daily
photo recordings within multiple social platforms. The apps they used are the same; however,
the tasks they conducted are different. By considering task information while developing
user models, more enhanced user modelling based on tasks instead of temporal single app
usage could be proposed in the future. We can represent users by their actions over a task
space.

o Task-based search. Future mobile search experiences should also take tasks into account.
Mehrotra et al. [49] have validated that task information provides better context for IR
systems to learn from. However, different from the traditional IR on desktop, where their
task context information could be extracted from search logs, mobile search queries are
mostly related to the apps used before and after [12]. So how to leverage the mobile task
context extracted from app usage for improving mobile search should be explored in future
work. Furthermore, the task-based approach for addressing unseen queries and new search
scenarios should also be explored. Personalized search systems rely on being able to find
pertinent information in that user’s search history, which can be challenging for unseen
queries and new search scenarios. Building richer models of users’ current and historical
mobile tasks may help improve the likelihood of finding relevant content and enhance the
relevance and coverage of personalization methods.

7.2 Limitations

There are several limitations of our work. For identifying tasks from app usage logs, no end-to-end
(e.g., DNN-based) models are involved for improving the prediction performance since the ground
truth need to be collected by manual annotation, where only the small-scale dataset (consisting of
20 users’ logs) can be used. Furthermore, other than getting the best-performing model, we also aim
to further examine the contribution of each individual feature which could bring us more insights
for understanding how to identify tasks from the app usage logs, where the explainability is lacking
in the end-to-end models. Given we are the first step for understanding users’ app usage behaviour
in the task space, and the proposed logistic regression (LR) model has performed well (Table 5),
we leave the exploration of better prediction models in our future work when more details and
characteristics of tasks can be collected. For the complex task understanding, our dataset might not
be representative of the entire population of mobile users, as the users and apps are only coming
from the apps registered in this library. This means that not all the apps usage behaviour of users
could be tracked and there may be a selection bias in the subset of users being studied. While this
might occur to some extent, given the scale of our dataset (with over 1.3 million logs), we believe
our data would still provide useful insights, and our proposed models are the best models so far,
effective for most users. Additionally, our datasets only consist of relatively short-term app usage
and it would be interesting to study signals that could relate to long-term characterizations of
user’s task usage behaviour. The application of mobile tasks, e.g., complex task prediction, can
be refined with more fine-grained modelling methods when more longer-term task engagement
patterns could be extracted. Other applications could also be explored in our future works when
relevant interaction or user profile information becomes available, such as search queries.

8 CONCLUSION

In this work, on the basis of an in-depth analysis of annotated mobile tasks, an ideal task identifica-
tion model is proposed to extract tasks from app usage logs. By applying the task identification
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model into a large-scale app usage dataset, we analyzed the complex tasks from comprehensive
perspectives, e.g, engaged app amount, hub app, switch and dominant app, etc. We discovered
17 common groups with 47 more fine-grained types of complex tasks through the unsupervised
learning approach, including multiple updated info checks, info gathering for dining out and tools
co-operations, etc. Finally, by leveraging our proposed task identification model and clustering
framework for inferring task types, we explored the complex task prediction problem. We also
validated the benefits brought by task-based modelling when compared to the traditional modelling
methods based on app category units. Our work enables a more comprehensive understanding
of users’ mobile usage behaviour under the task space and facilitates the development of a dedi-
cated mobile service design to reduce the cost of users’ self-management in task continuation and
completion. There are several directions for our future work, including exploring task-based user
modelling and improving mobile search in the context of users’ tasks.
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