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Abstract

The increasingly prevalent view that recommendation
is a conversation between user and system is driv-
ing a renewed interest in approaches to system de-
sign that involve the user in meaningful ways. In ad-
dition to this the proliferation of mobile devices and the
near-ubiquity of sensing technologies means that there
are now many opportunities to capture real-life experi-
ences, in real-time, providing a new source of raw mate-
rial for case-based reasoning. In this paper we consider
the availability of real-world exercise information, in
this cases corresponding to jogging routes, and methods
by which we can involve a user in recommending such
routes. Outlined here is a novel interaction methodol-
ogy and compound recommendation system to recom-
mend and adapt routes based on experience not dis-
tance/traffic avoidance or similar. We describe the Ex-
ercise Builder, a proof-of-concept application that at-
tempts to help visitors to a new city to plan their jogging
routes by combining case retrieval, interactive adapta-
tion, and multimedia explanation in a single online ser-
vice.

Introduction
Recommender systems aim to improve the way by which
we access and discover information, products and services
and such systems form a key component in e-commerce. To
date considerable research has focused on the application of
case-based reasoning (CBR) methods in recommender sys-
tems (de Mántaras et al. 2005), particularly content-based
recommendation.

Generally speaking there are two flavors of recommender
system. On the one hand there are collaborative recommen-
dation systems (Resnick and Varian 1997), whose recom-
mendations for a target user are based on items that similar
users have previously liked. Collaborative recommendation
is often referred to as content-free because it avoids the need
to use item data and instead just relies on the ratings pat-
terns of users across items. In this way collaborative rec-
ommendation can suggest movies to a user based solely on
the ratings patterns of other users who have watched some
of the same movies as the target user, and without the need
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to understand anything at all about the movies. In contrast,
content-based systems (Pazzani and Billsus 2007) rely on
data about the items that are being recommended; for ex-
ample, a content-based movie recommender might repre-
sent movies according to their genre, actors, director, or pro-
ducer, recommending new movies to a target user that are
similar to other movies that s/he has liked in the past. Ideas
from case-based reasoning are commonly used in content-
based recommender systems.

To a large extent, the role of CBR in recommender sys-
tems has been somewhat limited, focusing on the retrieval
of items, rather than the re-use of experience which is the
core of CBR methods; certainly we seldom see examples
of adaptation in recommender scenarios, for example. Fur-
ther to this, new interests in interactive recommendation, and
even generally framing recommendation as a conversation
(such as presented by (Tunkelang 2011)) has shown consid-
erable fruit, although not without some degree of domain
knowledge (Knijnenburg, Reijmer, and Willemsen 2011).
All this makes it interesting to consider recommender sys-
tem applications that provide an opportunity to manipulate
experience rather than to simply retrieve items or artifacts,
leveraging “known good” cases with a need to explore and
adapt, without detailed attribute knowledge. Indeed, it is
timely that we begin to consider such notions more seriously
because the proliferation of mobile devices and ubiquitous
sensing technologies now provide a platform for capturing
experience in the real-world (Smyth 2009).

We have developed a framework and a demonstrator sys-
tem which can solicit useful information from a user and
modify the initial recommendation iteratively. Interactive
recommendation is not a new idea and has been used in the
past in many ways, including as a game to help users dis-
cover their true interests in a system, then sharing the infor-
mation with others (Alon et al. 2009). It has also been pro-
posed as a way of preventing information overload in areas
such as e-commerce (Shimazu 2001).

In this paper we consider one approach to the problem of
recommending from a case-base that allows for direct user
exploration and modification, made manifest as an applica-
tion in the personal exercise domain. Simply put, the task is
to recommend new jogging routes to visitors to an unfamil-
iar city, given minimal information about their requirements,
such as a start location and a preferred distance. The case
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base of prior experience is made up of the routes created by
and followed by local users, tracked by GPS, and automat-
ically uploaded to a popular run-recording website. In this
paper we describe a conversational recommender system in
the style of (McGinty and Smyth 2002), whereby the recom-
mender system focuses on the route selection/retrieval and
provides an opportunity for the user to interactively adapt
the suggested route. We focus on how routes can be retrieved
based on a location-popularity metric calculated across the
case base, and we further describe a technique for extend-
ing and combining routes that individually do not meet the
user’s needs. This provides a recommendation to the user
that represents the judgement of others experienced with
running in the locale would factoring in elements such as
traffic and terrain.

Thus by allowing the user to interactively adjust the rec-
ommended route, we are effectively re-introducing adapta-
tion into case-based recommendation and given that the use-
case of this system is for a visitor to a new city, we have also
developed an explanation component as part of this.

Recommending Routes in a New City
The Exercise Builder system we developed to test the con-
cept of re-using experience through CBR is in itself novel,
as most applications of recommender systems for health-
related fields have been designed to aid doctors, such as
seen in (Miyo et al. 2007). To our knowledge, a recom-
mender concerned with fitness and the reuse of knowledge
provided by users of varying levels of ability has not been
envisioned until now, much less one focusing on running.
Our approach could in future be extended to any sporting ac-
tivity incorporating outdoor routes such as biking or hiking,
while continuing to leverage a range of experience levels for
all users. The domains which are suitable for this interac-
tive approach are those where the object to be recommended
itself has multiple facets. Also suitable are domains where
the object is a composite of previous recommendations and
we have chosen the route-planning task for those unfamil-
iar with their location, such as holiday-makers or those on
business trips to an unfamiliar city.

The basic system architecture, presented in Figure 1, is
composed of a number of key components as follows. First
there is a case base of prior routes, each represented as a
sequence of GPS location coordinates with the potential to
include additional metadata (e.g. terrain information, diffi-
culty level etc.) if available, scraped from a popular running
website. The retrieval engine is responsible for selecting
and ranking routes for recommendation, as described below.
Finally, the adaptation and explanation interface provides
users with an opportunity to adjust the recommended route
to suit their exact needs as well as enhancing the recom-
mended route by adding addition local information to help
the user better understand the route being offered. We use li-
braries and technologies including Google Maps and photo
service Panoramio in new ways, by using them to form the
impetus by which a recommendation can be altered, using
them to provide information on the surrounding area to make
them aware of their options. The focus of the recommenda-
tion session for the user is exploring the space and altering

the given waypoints so the system can adapt its current rec-
ommendation, making it an entirely interaction-focused ex-
perience.

Figure 1: System architecture for Exercise Builder.

Retrieving Relevant Routes
The initial input from the user is a preferred starting point for
the run and a preferred distance. Retrieving relevant routes
from the case base involves a number of stages. First, avail-
able cases are filtered based on their proximity to the pre-
ferred starting point, so that we only consider routes that
pass through, or within a 1 km. of the user’s starting point.
Next, we use the user’s preferred distance as an upper-bound
for case retrieval so that routes that are longer than the pre-
ferred distance are excluded from consideration. The reason
for this upper-bound is that the routes are frequently circu-
lar in nature and cannot be effectively trimmed to a shorter
length, as runners expect to return to where they started.
This is a specific issue in the exercise domain that would
make longer routes unsuitable, and as such is a non-trivial
task future work can explore ways to address. This allows
for a good recommendation to be selected, without the need
for adaptation, as well as allowing for diverse routes to be
selected based on their distance. In the case that no good
matches are found potential cases are combined, produc-
ing routes of roughly the same distance that can be adapted
based on user feedback.

In order to combine routes if necessary, candidate routes
are sorted based on their popularity as follows. Each
route is composed of a sequence of GPS coordinates,
Loc1, . . . , Locn. In turn, a given location may be present
in a number of different routes. Thus the popularity of Loci
is the number of routes containing Loci (gien in equation 1)
and the popularity of a given route is the sum of the popu-
larity scores of its constituent locations, as in equation 2.

Popularity(Loci) = {Route ∈ CB : Loci ∈ Route}
(1)

348



Popularity(Routei) =
∑

Popularity(Locj) : ∀Locj ∈ Routei
(2)

The routes that are selected for recommendation are those
top-ranking routes whose aggregate distance is maximally
close to the target route distance.

Composing Recommendations

At this point we have a set of candidate routes drawn from
the area of interest and whose aggregate distance is within
the distance requested by the user. Moreover, these routes
traverse popular areas which improves their likely quality.
A key challenge faced by the system now is how to assem-
ble these multiple routes to produce a single coherent route.
This is far from a simple matter of concatenating the selected
routes. For a start there is no guarantee that these routes will
overlap directly and arbitrarily concatenating them is fraught
with issues. In the past much work has been done on route
planning, especially on driving routes (ZITA et al. 1997).
Many researchers have focused on algorithmic heuristics for
combining these types of routes, often based on minimiz-
ing distance travelled (McGinty and Smyth 2001). These are
problematic when applied to routes where the focus is not an
optimization of travel from point A to point B. In running for
example it is usual to finish where you started, and the crite-
ria for a good route are more subjective, being based on en-
vironment and route difficulty due to terrain. This makes the
use of a case base particularly important, in order to make
use of the tacit knowledge veteran runners in the area have
about good routes. Our approach, as distinct from the work
in (McGinty and Smyth 2001) is that our approach is an at-
tempt to optimize for popular run experiences in a situation
where the participant expects to finish where they start and
minimizing distance would be detrimental.

In this paper we adopt a different strategy by harnessing
existing route-planning services such as the Google Maps
route planner. To generate a consolidated route for final rec-
ommendation, the Google Maps system is used to generate
a route based on a waypoint specification containing up to
8 waypoints, which produces a route that passes through
each waypoint. To generate this specification we sample the
8 waypoints from the selected routes, choosing points that
are evenly distributed within each candidate route pro rated
for candidate route length. For example, if a user requests a
8km route in an area where no 8km routes exist, the system
may retrieve a 5km, a 2km, and perhaps a 1km route. In this
situation 5 waypoints will be drawn from the 5km case, 2
from the 2km case and a single waypoint from the final 1km
case. These eight waypoints are chosen to be equally spaced
along each route, and are combined using Google’s Direc-
tionService, which finds the path that touches them all. Our
algorithm therefore works to create a composite route that is
circular and suitable to travel in either direction, while being
roughly their desired distance and giving the user sufficient
information to decide if it is a good recommendation.

Explanation & Adaptation
In this research, recommendation – that is, the ability to rec-
ommend relevant routes – is just one part of a larger prob-
lem. In addition we should help users to better understand
the suggestions that are being generated and, crucially, we
should provide a facility to adapt the recommendation to
better fit the needs that often go unexpressed via an origi-
nal query, and that may be all but impossible for the user
to express using traditional interaction. For this reason, as
shown in Figure 2, the recommended route is displayed on a
map-based interface.

In this scenario descriptive multimedia can play a part in
informing users about possible choices. Rather than solely
rely on route metadata or attributes, we make use of extrin-
sic data in our application. This means multimedia from the
area surrounding and included in the routes without bias,
which can prompt users to make decisions based on the area
and not just on the available routes. This data is not the tradi-
tional explanation seen in CBR, rather it is an explanation of
the surroundings, to give an indication to unfamiliar users of
areas that might be of interest to them in the area, and what
may make for a good experience on a run. This is reflected
in not limiting the multimedia to the path of the route.

Of course given that the use-case for our research con-
cerns a visitor to a new city, it is reasonable to assume that
they will be interested in passing major sites and points of
interest during their runs. For example, for a visitor to Bei-
jing we may wish to highlight features along the recom-
mended route such as the famous Bird’s Nest stadium, or
Tower Bridge for a London visitor, or the National Mall for
a visitor to Washington DC. For this reason, the basic expla-
nation component of this system is fulfilled by augmenting
the route map with additional information to highlight points
of interest. Once again we do this by relying on existing on-
line resources, in this case by retrieving popular photos from
the Panoramio photo-sharing site.

The map-based interface also provides for a simple and
intuitive approach to extending route adaptation beyond the
route composition algorithm by allowing users to tweak the
recommended route via its waypoints. Recommended routes
are therefore adapted by the system to make changes indi-
cated by users through interaction. For example, the user
can adjust the recommended route by dragging waypoints
to new locations, perhaps to take in a point of interest that
was by-passed.

The Exercise Builder System: A Demonstration
The above architecture was used to develop a prototype sys-
tem which we call Exercise Builder. To create a case base of
viable routes we imported more than 1,300 of the most popu-
lar routes from a popular run-tracking web service. The rec-
ommendation interface was developed using Google Maps
and, as mentioned above, extrinsic explanation content was
drawn from then Panoramio service, retrieving 50 images
per route based on standard API access provisions.

In this demonstration of the Exercise Builder, we start
with a default recommended route at the geographic centre
of the imported routes for one city, Dublin, Ireland. The user
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Figure 2: A recommended route including drag-points and
multimedia content.

has the opportunity to provide their preferred running dis-
tance and move the starting point of the run to somewhere
more suited to their needs, or simply start interacting with
the provided waypoints.

These details are sent using AJAX to the server, which
selects the points from a route that meet the user’s require-
ments from the database. If this route is significantly too
short (more than 1 km) the server accumulates additional
points as previously mentioned and the result is 8 waypoints
returned to the client which are then connected by Google’s
direction service to produce a coherent run from the most
popular locations in suitable routes in the area (represented
by the waypoints). This run forms the basis for adaptations
made by the user, unless they modify the starting point of
the run, at which point a new run is recommended based on
their new starting point and any changes to target distance.

The initial recommendation based on the user’s stated
preferences looks similar to Figure 2. It is displayed like
any other recommendation, along with route information
like distance and elevation (taken from Google’s Elevation
API and rendered as a chart which shows the relative dif-
ficulty of the run). Thumbnails of Panoramio images are
overlaid in the area around the route for the user to explore,
the idea being to offer the user an option to move one of
the route’s waypoints and so generate a new route. Figure 3
shows a typical exploration, clicking on the thumbnail shows
the larger version of the image in a pop-up. The routes be-
gin and end at the user’s desired start-point, which makes it
easy for users to see the detours they can add by dragging
waypoints to areas that draw their interest.

Summary and Future Work
In this paper we have presented a proof-of-concept applica-
tion called Exercise Builder, a recommendation system de-
signed to offer routing advice to joggers and runners in unfa-
miliar surroundings. The significance from a CBR perspec-
tive is that the system harnesses genuine user experiences
(composite route plans) rather than simple atomic items.
This in turn re-introduces the issue of adaptation as a key
part of case-based recommendation and the system as pre-
sented provides for an interactive adaptation component via
a map-based interface. We have also demonstrated the abil-
ity to complement case recommendations with supplemen-

Figure 3: Multimedia content exploration in action.

tary information, in this case multimedia content drawn from
additional online resources.

There is clearly considerable opportunity for further
work. We have had positive feedback from some 66 users
who used the system, and intend to survey them fully. We
are also experimentally evaluating the algorithm as it cur-
rently exists, as well as adding further features such as term
weighting to the popularity metric used to further optimize
resulting compound recommendations. There is a clear need
to add additional routing or extrinsic meta-data to the case
base and information about the terrain and difficulty of the
routes is one obvious extension. In addition, the present
system uses a simple query and simple case retrieval en-
gine leaving many possibilities for alternatives. Certainly the
availability of additional meta-data would provide an oppor-
tunity to improve the matching function. It may also be in-
teresting to consider an alternative form of query specifica-
tion, perhaps by allowing users to sketch a possible route of
the map, which could then be refined by the recommender
system. There is potential for the recommendation feedback
and exploration to have ongoing impact on both immedi-
ate and future potential recommendations. It is also possi-
ble that a more immediate relevance-feedback style modi-
fication could occur whereby knowledge of a user can in-
crease as the recommendation is built. This would combat
the problems encountered with new users and build group-
ings of users quickly.
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