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Abstract

In the realm of mobile applications a significant effort has been made to develop
recommender systems that customize results based off of one’s current location and more
recently even their inferred current activity. While this aspect of context has been shown to
be quite successful, we suggest anticipating what they are currently planning for the future
may help further improve the relevancy of the results as well. This work examines this
problem as one of trying to predict the user’s planning context, defined as what activities
are currently being planned and how far in the future the event they are planning is going to
be. An empirical analysis is made of the predictability of planning context and a discussion

of the potential implications of this for mobile context aware recommenders.
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Introduction

Context aware recommender systems (CARS) have received
significant focus in recent years as a way of increasing the
relevance of results compared to traditional recommendation
techniques. In this pursuit many different aspects of context
have been examined regarding their ability to better under-
stand what is of interest to the user at that particular point in
time. As has been shown in previous work in the context of
web recommendation, this type of insight can lead to supe-
rior predictions over basing recommendations on a general
profile of the user alone. Within this work we study the
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benefits a similar approach might provide in the realm of
mobile recommendations.

One of the key differences between a traditional web site
experience and a mobile application experience is the avail-
ability of additional information about the user beyond just
their profile and/or click stream. As a result users typically
have an increased expectation that mobile applications are
more tailored based on their context. As such, with mobile
applications passive observation such as location history
take a much more central role in understanding the context
of what is relevant to a person.

Identifying mobile user context has been a focus of the
ubiquitous computing community for several years. While
numerous studies have focused on current context aware-
ness, using that context for recommendation and prediction
of future context has received far less attention. Another
aspect of this is that while predicting the next location has
been well studied, other aspects of context may be just as
relevant to a user. Some of these aspects have received little
attention such as understanding when an activity and
associated trip are planned.
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We propose recognizing the context of a user in terms of
their planning perspective to be a critical aspect in determin-
ing what is most relevant in mobile recommender system.
For example, consider a user who is at their local coffee shop
in the morning. Based on current models of context that
focus on the immediate surroundings and/or time alone, the
system might filter content to focus on what is nearby or
related to their current activity. Consider, however, if the
system knew the user was making plans in the near future of
what they were going to be doing later that evening. In such
a scenario, what the user considers to be most relevant
extends beyond the immediate situation and also includes
content that aids in making those plans.

This research focuses on including the planning behavior
of mobile users as part of their recommender context. One
of the key challenges addressed in this study is much of
the data relevant to these aspects of context must be pas-
sively collected since user’s typically do not explicitly iden-
tify this type of information. This work addresses how
commonalities in planning behavior can be used to enhance
what context is relevant to a mobile user outside of their
immediate context despite limited information besides that
that can be derived through passive data sources. The
experiments conducted below attempt to identify both
when plans are being made and the activity being planned.
This work appears to be the first to address the integration of
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these two goals. This is followed by a discussion of the
implications of the findings and directions for future work
in this area.

Mobile User Contextual Factors

Transportation planners have studied travel behavior exten-
sively over the years. More recently, focus has shifted from
looking at travel alone to understanding why a trip was made
and when the decision to make the trip occurred. One of the
approaches used for this has been examining the activity
needs/desires of the person as the reason the travel is made
[1-4]. These studies have shown that at an abstract generic
level a person’s context can help determine their future
activity and planning behavior. This study, however,
examines modeling a personalized context aware approach
rather than using a generalized traveler prediction model.

Determining what is relevant in these terms requires an
examination of several different types of contextual factors.

Below we describe these utilizing the terminology frame-
work established in Adomavicius et al. [5].

With mobile devices, two types of dynamic fully observ-
able data from the crux of determining the relevant context.
Specifically the two categories are passive and active collec-
tion. As the architecture in Fig. 1, adapted from Williams
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and Mathew, shows, these two sources of data serve as the
input to generating meaningful mobile user context.

Passive collection methods such as Global Positioning
System (GPS) and accelerometer tracking are perhaps the
most critical methods in mobile applications, because they
provide location and movement context without requiring
any active data entry by the user. Beyond the obvious loca-
tion and route observations that can be collected, this data
can often be processed to reveal partial context knowledge
as well. For example by analyzing movement rate, stop
frequency, and the accelerometer data, often the mode of
travel such as walking, biking, train, bus, or car can be
reliably inferred [6]. Combining location stop information
with GIS map matching can sometimes be used to infer trip
purpose [7]. Other sensors such as the device’s microphones
could be used to record ambient noise (e.g. voices, wind, and
music) or determine whether the user is typing or talking
providing additional environmental or use context. In theory,
having tracked GPS data from all people would also allow
passengers and social context to be inferred through exami-
nation of proximity and duration of contact [8]. Further
processing of accelerometer data, especially from multiple
body parts, can also be used to infer many specific human
behaviors/contexts, such as sitting, standing, and specific
exercise types [9-11].

In contrast, active collection methods involve manual
data entry by the user. An example of active collection
would be integration with calendar functionality, where cal-
endar events that were entered manually could be used to
ascertain event plans. There are obvious advantages to data
entered explicitly by the user. One of these would be the
potential for more accurate information, such as the specific
activity that is actually taking place compared to just having
the likelihood of what activity is occurring. Other
advantages include the ability to collect information that
simply cannot be captured completely through passive
means such as the reasoning behind the planning decisions
that are made. However, there are also significant limitations
to active collection. Most notably any manual data entry puts
a burden on the user, which in practice means users are less
likely to provide the entry without incentive, particularly on
an ongoing basis. However, one-time entry such as registra-
tion is often acceptable.

As noted in previous studies of transportation behavior, a
demographic profile of a traveler can provide some signifi-
cant insight in the types of activity patterns observed [12].
While some of this information might be explicitly given as
part of a profile, such as age, overall it is partially observable
as many demographic factors must be inferred to categorize
the individual. Other types of information in this category
such as work, school and home location, while not explicitly
given, can often be reliably inferred through repeated past
patterns.

Finally, within this work, what we are particularly inter-
ested in, and the goal of this study, is the largely unobservable
dynamic context related to activity and travel planning.
Towards this goal, this work examines the “Contextual aug-
mentation” component of the architecture shown in Fig. 1,
with the aim to output unobserved inferences of what the user
is currently planning. We propose being able to predict when
different aspects of plans are made is critical information to
what is relevant to a user. As a result, recognizing that a plan
is being made for a specific activity at a specific time window
in the future may provide context that results in a significant
improvement of determining relevant recommendations and
thus improving the overall mobile user’s experience.

Planning Context

“Planning horizon” is a term used to describe the length of
time before a trip or activity took place for which its plans
were made [13]. For example if it was 10 AM and John
decided to go out with friends at 6 PM that evening, the
planning horizon for that activity would be 8 h. Planning
context can range from far in advance, such as a visit to the
doctor planned several weeks ahead, to spur of the moment,
such as an urgent stop to get gas. For many activities, the
planning may have become rather routine over time, such as
a child regularly going to school in the morning, or regularly
going to the same coffee shop every morning, wherein little
active planning or thought was made. A typical person’s day
has a mix of routine and actively planned activities with a
more finite planning horizon.

The focus of this work is on scheduling behavior and time
horizons. Studies have confirmed that most people do not
make their plans for all activities at a single point in time
[14]. Instead, plans are continuously made and finalized
throughout the day for varying planning horizons [15]. For
instance, a person does not go throughout the day continu-
ally making plans two hours in advance of each activity, nor
would they plan everything completely impulsively. In real-
ity, scheduling is more fluid where a person might be making
reservations for dinner the next morning, followed by an
impulsive decision to grab a snack, followed by making
plans for meeting a friend for lunch in an hour. The main
point being it is not as simple as the person is just consider-
ing the next activity or looking any fixed period in the future.

We propose that determining what is relevant to a user at
a given moment in time is in part dictated by their planning
context. This planning context is a combination of the type
of activity they are looking to plan and the planning horizon
dictating when that activity will be carried out. The combi-
nation of these factors plays a critical role in what is relevant
at a given point in time. For example, if the application
knows when John is interacting with the system at 10 AM
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that he is looking to make plans for that evening not just
considering what to do next; that may greatly help in
recommending the most relevant information.

If we were to envision what is relevant to a user from a
planning perspective it is likely to fluctuate throughout the
day. Take for example the planning context John wants to
make plans to get together socially with friends in the even-
ing at least 2 h before the event. John also wants to make
plans to meet a family member for lunch an hour or two
before the event. From a modeling perspective, we can
potentially have more than one relevant planning context at
a single time as shown in Fig. 2. In a portion of the morning
both contexts would be relevant, but as lunch approaches the
planning context for the meal would no longer be relevant.
As this example illustrates when we are considering what
context(s) is relevant it may not be a single answer.

Methodology

The purpose of this work is to assess how well a person’s
planning context can be predicted at a point in time during a
person’s day, given information that could be obtained either
through an initial profile or by passive sources. Data for this
paper is derived from a Computerized Household Activity
Scheduling Elicitor (CHASE) survey conducted in Toronto
in 2002-2003 [16]. The CHASE survey captured a detailed
accounting of the activity scheduling process of 271
households over a 1-week period. The data was recorded
such that for each activity that took place, both observed
attributes (start time, end time, location, involved persons,
category of the activity) and a time frame for when it was
planned were all captured, via a scheduling program
completed regularly throughout the week. The activities
were broken down into 11 categories: active recreation;
drop-off/pick-up; entertainment; household obligations;
meals; night sleep, other needs; other; services; shopping;
social; and work/school. The planning time frame included
choices such as routine, X number of days ago, more than 2 h
before, 1-2 h before, less than 1 h before, and just prior.
To model the planning context for a participant the
activities recorded and their planning data were used to
construct a time line for each day. The day was discretized
into time segments early morning [12 AM, 9 AM), late
morning [9 AM, 11 AM), midday [11 AM, 1 PM), early

Evening

afternoon [1 PM, 3 PM), late afternoon [3 PM, 5 PM), early
evening [5 PM, 7 PM), and late evening [7 PM, 12 AM). For
each of these time segments a series of possible planning
context entries were created that consisted of the combina-
tion of a specific activity type and one of three planning
horizons (1-2 h prior, more than 2 h prior, or 1-2 days
before) for a total of 33 possible planning contexts for each
time segment.

To identify which planning context(s) were active, each
of the planning context entries was defaulted as being not
active. Next, each activity entry was then iterated through
and based on the planning time frame the appropriate
planning context time segments would be marked as active.
For example if a ‘Shopping’ activity took place that was
noted as having been planned ‘1-2 h before’ the planning
context would be noted as active for the period(s) that
corresponded between 60—120 min before the start of the
activity. If the planning time frame was noted as being ‘more
than 2 h before’ the planning context was marked as active
from 121 min prior through to the beginning of the day. For
the ‘1-2 days before’, no time on the activity’s actual day
was marked but the two full previous days would have the
planning context [‘Entertainment’, ‘1-2 days before’] active
for example. The result of this effort was a planning context
schedule that indicates at a given time segment, what
planning context(s) were active for the participant.

The goal was then to build a classifier that given a time of
day, day of week, information that could likely be obtained
through passive means, and a user profile; it could predict
which planning context(s) were active. For the information
that could be obtained through passive means, we are
approximating that to be the current high-level activity type.
While in current practice this cannot always be determined
exactly, recent research advancements discussed above con-
tinue to make what can be inferred more reliable. In addition
to these, a selection of personal data was selected based on its
information gain: age, employment status, and gender.

The training data was then created by creating a record
for each activity entry with the participant’s data and for
each activity type and planning horizon whether that
planning context was active during that activity. Based on
this training data a C4.5 classifier was built.
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Evaluation Metrics

For measuring prediction performance, we use the informa-
tion retrieval metrics of precision and recall [17]. The basic
definition of recall and precision can be written as:

# true positives
(# true positives + # false positives)

precision =

# true positives

recall = p_ :
# true positives + # false negatives

For the purpose of this study, # true positives is the
number of times a specific activity and planning horizon
(planning context) is predicted correctly; # false positives
is the number of planning context values incorrectly
predicted in the time step, and # false negatives is the
number of planning context values predicted as not in con-
text that were in fact in context.

Experimental Results

For our experiments, we examine a comparison of preci-
sion and recall for the variety of different activity types
captured in CHASE across the various planning horizons.
All results reported are based on a tenfold cross validation
methodology. Figure 3 captures how well the prediction
model performs at identifying, for a specific time window,
which activity is currently being planned that will take
place in 1-2 h. In a practical sense, this is essentially taking
the profile of the individual, their current activity, and
given a time of day inferring that in the current hour they
are making plans to go shopping an hour or 2 in the future.
This information could potentially be very useful in
adapting recommendations for what is currently of interest
to a user. As the precision results in Fig. 3 demonstrate, the
C4.5 classifier performs reasonably well with results
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ranging from on the low end .82 for “meals” to .895 for
“night sleep—other needs.” From a context recommenda-
tion perspective, this indicates that if a specific planning
context is predicted as being relevant there is a high degree
of likelihood that it is correct. From the perspective of
tailoring recommendations this particularly important
because it means there is a low percentage chance that the
system would be making use of planning context that is
irrelevant. The recall, on the other hand, varies significantly
more from .452 for “shopping” to .831 for “night sleep—
other needs.” From the perspective of recommendation,
this would mean that the system did not recognize that
some activity was being planned, and thus the missed



12

C.A. Williams and S.T. Doherty

planning context would not be utilized in identifying the
most relevant information.

A more detailed analysis of the activity types is illustrated
in the confusion matrices. For “entertainment” depicted in
Fig. 4, the results show that during 22 % of the time windows
examined “entertainment” activities were being planned for
1-2 h in the future. This activity type was the second most
observed for this planning horizon. A similar look at “social”
activity planning context, which was present during 11 %
of the time windows, is displayed in Fig. 5. Both of these
planning contexts show similar precision, but recall is 10 %
lower for “social” activities.

Figures 6 and 7 show the confusion matrices for the
planning contexts of “services” and “shopping” 1-2 h in
the future. As these results show, while the precision remains
high, recall drops considerably for these contexts. In terms
of the reasons why the planning context for these two
activity types was more difficult to predict, may be due to
the nature of these activities as compared to “entertainment”
and “social” activity types. “Entertainment” and “social”
activities tend to be more discretionary, whereas “shopping”
and “services” are more task oriented. Thus, while additional
study is needed, this may indicate identifying when optional
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Fig. 6 Confusion matrix for 1-2 h planning horizon for activities
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activities are being planned may prove to be an easier task
than identifying when plans are made for activities related to
maintaining the household.

Figures 8 and 9 depict the precision and recall for the
activity types for the same day greater than 2 h and 1-2 days
planning horizons respectively. The average precision
results across the activity types for these two additional
planning horizons is nearly identical to that of the 1-2
h planning horizon discussed above, approximately 85 %.
For the recall results, the average across activity types for the
same day greater than 2 h planning horizon (66.5 %) remains
similar to that of the 1-2 h planning horizon (66 %). How-
ever, the average recall for the 1-2 day planning horizon
rose to 73.2 %. Together these results indicate that, while
there is room for improvement, there is a significant oppor-
tunity to take advantage of knowing what a person is cur-
rently planning. Furthermore since if a prediction is made it
is likely correct, this increases the likelihood that if
recommendations are made based on this predicted informa-
tion there will be a have a lesser chance of decreasing the
quality of recommendations.

Related Work

Several works have suggested other factors besides location
of a mobile user that may help in determining what is
relevant to users, but the vast majority has focused on con-
text related to the immediate next activity. Some works have
suggested that in addition to current location, current context
refers to data such as time availability, real-time weather or
traffic updates and real-time events such as accidents
[18-20]. In addition, factors like financial situation and the
group of people traveling along with the mobile user have
been shown to affect the individual’s real-time travel
decision-making [21]. Other works have demonstrated that
the makeup of the group involved influences travel decisions
resulting from different groups of people having different
preferences depending on their backgrounds [22, 23]. Other
studies have examined what aspects of context and planning
horizon affect the selection of destination/activity for
tourists [24, 25].

We see these works as complimentary. Once the type of
activity and timing are identified as part of context, as
addressed in this work, that enhanced context can be com-
bined with the findings of these related works to better
determine how that information should be used to filter the
relevance of the results.

Conclusions

This paper presents a novel approach to enhancing user
context. While the majority of prior work in context-based
recommendation for mobile applications has focused on the
user’s immediate situation, this study introduces the idea of
extending the user’s context to include what plans are being
made beyond just the next location as an aspect of the user’s
context. An empirical analysis is conducted of how well
predictions can be made of what activity type and how far
in the future a user is currently planning with positive
results. As this work demonstrates, this can be done with
high precision potentially offering a significant opportunity
to improve recommendations to mobile users through
incorporating the aspect of what is being planning to
context-based recommenders.

The findings of this study bring up many additional areas
for future study. While using locational context on mobile
applications can sometimes be intuitive such as tailoring
results to what is nearby; how best to take advantage of a
user’s future activity plans that are not necessarily nearby is
far less understood. Using mobile planning context to deter-
mine what is most relevant poses some very interesting
challenges as the most relevant information is likely not
just related to the activity being planned, but also must
take into account location constraints of the user’s upcoming
schedule. Another area for future study is the adjustments in
schedule a person makes throughout the day. For instance
adding activities to a person’s schedule can often impact
other activities such as changing their timing or even the
location. Recognizing when these points occur and
identifying what information may be useful in adjusting
existing activity plans may be beneficial as well.
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