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Abstract For patient-centered e-health (PCEH), it is not

Many commercial mobile applications or “apps” sufficient to focus solely on Health Informationsgsms
have surfaced in the past few years, such as Polar,and Health Portals. A combination of patient focus,
Suunto, etc., to assist hobby runners in their peas  Patient activity and patient empowerment improves t
fitness training. Although they partially considetal user acceptance and allows users to integrate lthhea
parameters such as heart rate, blood pressure, totey ~ aspect into their everyday life [3], [4].
do not consider the specific health constraints and  Context in pervasive systems does not only include
requirements of rehabilitation patients. Nevertissle the user's location, but also temporal charactesistf
the hobby scenario is also important for long-teseif- the involved entities and their relationships. 5] our
responsible rehabilitation training. As motivatima  case, this includes character and accessibility
key success factor in this phase, personal inteiEghe information of POIls and routes. For example, a POI
user have to be considered. The work presenteisn t Might not be accessible 24 hours a day, but may be
paper tackles this problem context from a desigerse restricted to certain opening hours. A route might
perspective, and derives a new Concept for pereasiv contain mud SeCtionS, which are not suitable toafiss
mobile assistance in the aforementioned scenafibs. @ rainy day. This paper prioritizes context
approach covers specific route characteristics, its characteristics, which are specific for runningtest
impact on the user and the user’s personal prefegsn This paper investigates the requirements of a
The paper concludes with a description of an specific, personal health system for runners with a

implemented proof-of-concept as a personal healthhybrid  approach: ~ combining  recommendation
system for self-motivated and self-controlled digea Mechanisms of location-based services with trauktio

management. routing concepts, i.e. simulation techniques ap@sed
in [6] will be applied to PHS for runners. The farm
allows the assistance system to provide persomklize
. recommendation of routes, the latter allows foradyic
1. Introduction route adaptation due to context changes, i.e.@orhse
of heart rate. Some of these context parameters are
Many mobile applications like Polar and Suunto [1] interdependent and have a strong impact on energy
that assist mobile fitness training by taking iatzount consumption and training success [7]. The envisione
sensors monitoring body functions and vital paramset  application will target both fithess and healthremos.
have emerged in the past few years. However, suchlThus, medical requirements and lifestyle aspedtdwi
applications do not live up to their full potenfiak they  considered. An assistance system offering these
do not take into account other important aspeath ss functionalities must be able to define multipleeria in
context information. For health applications such a a personalized way, in order to fulfill these
running and biking, it is less important to getiré to requirements.

B, than to meet specific requirements (e.g. takirg The research in this paper follows a design-orignte
account bus stops as described in Yu et al. [ABhas research approach [8]. According to design-oriented
the hilliness of a route, specific interests of tieer, methodology, an artifact is being created in a

points of interests (POIs), etc. In this contexigse prototypical approach in order to meet collected
recommendations are similar to recommendations forrequirements fitting to a specific problem desdoipt In
location-based services, e.g. mobile tourist guides section 2 different approaches from literaturelaimg
Personalization in recommending running routes is discussed, in order to identify gaps for locatiovaee
more similar to approaches for location-based sesvi  assistance of outdoor training situations. Sec8ois

than to traditional routing problems. However, toe concerned with the derivation of requirements fgts
ability to react to context changes of a user ai-tiene, an assistance system. Section 4 describes the
traditional routing problems have to be dealt with. recommendation mechanism of the assistance system,



which incorporates the detected requirements.request, but methods are combined depending on the
Furthermore, the prototypical evaluation is preserb request. User feedback is incorporated by the syste
provide a proof-of-concept. The paper concludebk @it  considering factors such as “last time visited”.

conclusion and an outlook. Tumas and Ricci [15] describe a tourist guide which
combines recommendation of points of interest with
2. Related Work recommendation of routes in a transit network (ioekw

that bridges at least two different types of netspr
Several routes are generated which exhibit differen
r{eatures, e.g. fastest route, walking route, route
consisting of central streets, etc. According tasar
Qrofile an overall satisfaction score is generébe@dach

The following overview of related work is divided
into three approaches. They are either based
optimization and combination of route segments,

approaches for recommendation of routes and POls a Th King f S f sub-f .
location-based services and eventually personalizeomme' e ranking function is a sum of sub-funesio

approaches and requirements in the eHealth anaWh'Ch evaluate. different attnbutgs and their aéh!ae
mHealth domain. to the user profile. The sub-functions are not esasly

equal for each user since they vary with the pegfees
specified by the user.

Priedhorsky et al. [16] talk about using collabivet
filtering mechanisms for estimating ratings of uada
byways for personalizing bikeability ratings in a
geowiki for bicyclists. Preferences of a user are
specified in the search interface where a userrsrde
attributes for the preferred bike route in accoosato
their relevance. Thus, only session-specific pefees
are specified as opposed to an approach defin&ikoy
‘and Nguyen [17] which defines a user model with
session-specific preferences and long-term prefeen

Regarding data acquisition Voélkel and Weber [18]
develop a system for personalized multi-criteriatirag
for mobility impaired pedestrians. They investigate
user-driven map annotation as well as the developme
of routing methods utilizing the acquired data. ¢jer
environmental conditions such as availability o&do
segments are collected in a collaborative manner.
Changes over time of environmental conditions are
considered by assigning lower priority to oldeings
and higher priority to recent annotations when timga
Nhe overall rating value for the attribute. Adajutatis
realized by providing a 5-point Likert scale, onedach

2.1. Route adaptation and recommendation

In the area of dynamic route adaptation, Chen
proposes a system in which optimal path candidates
pre-computed offline, but the final route is calted on
the fly by utilizing heuristics respecting the dnis
preferences [9]. With the same goal, Pang usezzy{
neural approach to orientate a route selectionhen t
driver's preference. Given a route map and a user
selected route and based on enough training session
the selection function is able to adapt to the actu
decision making of the use [10]. Hitoshi uses aetjen
algorithm mimicking viral infections to optimize éh
route selection based on travel time [11], [12].

In the following, related papers for route
recommendations are analyzed in terms of applied
filtering and ranking mechanisms, incorporatiorusér
feedback and real-time adaption to context chariges,
handling of live data and configurable rankers.

Zenker and Ludwig [13] conclude that route
recommendation becomes more complex when reactio
to live data is incorporated. They examine the

combination of pedestrian navigation with —event criterion to be rated regarding its individual innfzace.

recommenda}tion and live public transportation. Tl'he_i These ratings are correlated with weights in thetsco
system consists of three components, recommendatlonfunction_ Baus et al. [19] and Schmidt-Belz [20yide

routel (gjeneraﬂon an:JI n?v:qgatmn. They dar.e Ilooselymore extensive surveys of location-aware mobile
coupled, i.e. the results of the recommendatiori{go guides. Their work can be used as starting point fo

are input to the route generation and the restilthe extending the related work section based on ouiiethp

route generation (way) is the input for_ th_e navimat evaluation scheme. Only the most relevant artictas
However, unexpected changes, €.9. missing theabes, been included in this overview. In terms of modityar

not covered by.thls' approach. yan Settgn e.t all 14 Bellotti et al. [21] compute final scores for itefnased
propose an application for a tourist scenarioefiidts a on the results of several evaluation models. Thg wa

s_elecnboln of nearby b“"g'!"gS' ;‘_nends and otrkl)e_;ledtsh, these models are combined can be specified in af set
viewable on a map and in a list on the mobile phone rules, or inferred from the user’s context.

Vicinity to the user is a hard criterion for filteg.
Ranking is designed modular and combines different
methods. Not every ranking method is used with each



2.2. POl recommendation

In terms of ontology-supported route and POI

derive non-functional
several ontologies.
The study of Fisher et al. [25] shows that the elspe

requirements by exploiting

recommendations Tomai et al. [22] describe a cantex of personalization is crucial to improving a usesesrch

matching algorithm for trip planning for tourism igh

experience and the resulting recommendation quiality

generates a mapping between a user profile ontologya health information portal.

and an ontology containing tourism information. The
specification of the actual profile of a user iaited by
the predefined user profile ontology, i.e. a usar anly
chose from a list of alternatives that correspanthe
sub-concepts of the ‘“interests” concept. Filtering

While those findings provide hints for the desidn o
a patient-centered health application, they dgyoahto
detail about a specific service. Our goal is tardeasly
integrate a solution in the patient’s everyday lifith
the help of available mobile devices. This allowsasy

removes services that do not match the service typeadaption and lowers barriers for the usage.

selected by the user. The second step involveinfind

the correspondences between concepts and properties 3. Requirements Analysis

the user profile and those in the tourism ontology.

Additional information such as projected lengttstey
is used to further filter out services. Rankingbedter
described as grouping since results are classifitd
exact and approximate results.

Ontologies are also used for configuration purposes approaches

Based on the analyzed related work, requirements
for the envisioned solution are elicited. The referes
from section 2 are used to justify the relevanceumh
requirements. However, it is evident that existing
for health- or fitness-related

Van Setten et al. [14] describe a mobile tourist yacommendations take into account location-based
application which uses different recommendation 4ciors very sparsely. Especially, the interdepanids

strategies for different classes of POls. As tmeas#ics
of POIs are described by an ontology, the
recommendation engine is aware of the class hieyarc
of each POI. So, if a prediction strategy existstfe

between the aforementioned aspects call for an
integrated view on the assistance problem in mobile
health and fitness scenarios. This section provales
coherent set of requirements for a system that cwsb

actual class of a POI, then that strategy is chosenine penefits of the different approaches.

otherwise a parent class with an
recommendation strategy is used.
ontologies are used to create semantically richigs.e

2.3. Related approachesin emHealth

There is some related work in the areas of eHealthcovered by this approach. Additionally,

and mHealth (mobile health), that focuses on simila
application areas as the presented approach. Asthiec
depicted solution can be seen as an mHealth splutio

associated
Furthermore,ihe paper of zenker and Ludwig [13] describes a

Returning to the reviewed papers in section 2 only

simplified approach to combining location-based
services recommendation with traditional route
recommendation. However, unexpected changes, e.g.
missing the bus, road characteristics, etc., are no
several
requirements can be derived for the mHealth aspect.
This primarily includes the need for personalizatamd

the importance of a remote monitoring functionalay

Ontologies can be used to correlate health critical health cases.

phenomena with context information, for exampleteou
characteristics and personalized

training plans.

In the following the derived requirements for the
envisioned system are set out. It is a hybrid sy$tem

McGuinness et al. [23] describe how semantic web a recommender systems point of view, as it comgrise

technologies can improve the data integration andcollaborative,

visualization in health portals.

Koay et al. [24] evaluate the pervasiveness of a

content-based and knowledge-based
filtering and ranking mechanisms (cf. [26]).
Requirement 1. Consider ation of domain-specific

remote patient management system (RPMS). Theyroutefeatures: Aroute model needs to not only provide

describe a use case scenario, in which a patiéfetisg

traditional features such as length and average

from an embolic stroke needs to take medicine andtraversing time for route segments, but also toecov

participate in rehabilitation measures. The RPMS is domain-specific

aspects such as underground,

supposed to act as a warning system for anyenvironment, walking aspects, etc. [15]

deterioration of the patient’s health status. Talfthe
optimal mobile device for a patient’s conditiongyh

Requirement 2. Consideration of points of
interest: For a hybrid approach which also incorporates
recommendation of location-based services as iristou



scenarios, a route model needs to incorporate aetev
points of interest, which can be related to ro(i&$.

Requirement 3. Location-based filtering:
Location as in vicinity to a user or a user-spedfi
location is a hard criterion and, thus needs ta bain
filtering criterion [14].

Requirement 4. Consideration of user-
preferences: Selecting a suitable route is a multi-criteria
decision problem. Each criterion needs to be evetla
in relation to user preference (resulting in a Ifina
evaluation score for each route (cf. [15], [18]1])2
Taking into account the user’s preferences andpaede
customs helps to improve the user acceptance, vidich
important to provide additional usage value as a
personal health system (cf. [24], [25]).

Requirement 5: Just-in-time evaluation of
ranking criteria: Short-term (e.g. current situational
context) and long-term user attributes (e.g. irstsde
need to be considered (cf. [16], [17]) when evahgat
potentially suitable routes for a user.

Requirement 6: Evaluation of complex, semantic
interdependencies.  Incorporation of  ontology
matching mechanisms provides an additional evaloati
criterion based on semantics (cf. [14], [22]).

Requirement 7. Pluggable & easy ranking
extension: Configurability of evaluation functions
enables easy extension. (cf. [14], [21]).

Requirement 8: Interfacefor event monitoring &
direct feedback: Direct and indirect user feedback
needs to be incorporated (cf. [18], [19], [14],])18 his
is especially important regarding critical vitaltalan a
remote monitoring environment.

Requirement 9: Collective intelligence based on
collaborative filtering:  Collaborative filtering
provides additional evaluation possibilities, takinto
account the actions of similar users or profilesiofilar
routes [16].

4. Concept for Route Recommendations
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Figure 1. Concept overview

The overall idea comprises a central
recommendation platform that acts an assistand¢erays
towards the mobile users, i.e. runners, fithesshesor
medics that supervise the users’ training and gond
related health statistics, treatment and trainiteng
accordingly. Besides direct user feedback, likengst
of routes or POIs on-the-go and configuring their
profiles and interests explicitly, indirect context
information can be monitored. This includes current
location and certain vital parameters such as ttaar
and blood pressure, which is collected by the neobil
device and associated sensors. The mobile devise ac
as a proxy for these external sensors. Regardimgpse
integration we use state-of-the-art approaches, as
described e.qg. in [27], [28]. Some of the inforroathas
to be interwoven with associated information sosirce
such as map services (e.g. Google Maps,
OpenStreetMap, weather services), in order to densi
important context information in real-time. Figuge
visualizes the information gathered while running a
certain route.
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Figure 2. Segmé‘nted route

An integrated assistance system that integrates the Based on the GPS information of the user's mobile

information from explicit user or physician feedkac

device, information like altitude information orute

situational data gathered by the mobile device andsurface characteristics (e.g. is the route a itk a

externally collected information addresses the

aforementioned requirements.

street, etc.) can be gathered by accessing external
services. This information can be used to foretfaest

The basic concept for route recommendations ispossible energy consumption for the training ang th

visualized in the following figure:

projected change of certain vital parameters (mg.
some rehabilitation scenarios it might make sense t
limit the heart rate, thus resulting in avoidingest
ascents, etc.).

The following subsections will explain, how the alat
is modeled, acquired and how the data are analyzed,



order to provide location-based, mobile assistdoce  point of the track. Hilliness projects the collett®@PS

scenarios in the health and fitness domain. data of one track on the properties flat, interrasgior
hilly. Lit says if the route is illuminated. Finglla Route
4.1. Data Acquisition and Route M odel is rated by users on a Likert scale between 0 and 5

The Route entity consists of multiple Checkpoints

The definition of our route model provides the basi that represent the GPS data, collected during Route
for user-driven annotation of running routes. Heve, ~ Creation. The GPSLocation maps the data provided by
distinguish between automated and manual annotationthe Google Maps API. We decided to abstract frais th
An example of automated annotation is the generatio €ntity because we wanted to avoid having one talfe

of running route segments through the analysisR8G @ large quantity of GPS coordinates. Such an amafunt
traces received from the user's mobile device. data would slow the speed of database responsas, Th

During route creation, a user who carries a mobile GPSLocation represents a theoretical constructigind

device measures the route by walking. Wireless N0t implemented in the database. Only objects of

connectivity, e.g., Wi-Fi, or UTMS, is necessary to Interest (e.g., Checkpoint, PointOfinterest) are

establish a connection to the destination hostseneer ~ SPecified. o

that collects and evaluates the GPS data. To ésxtrac We decided to aggregate Checkpoints in a construct
information on the user's actual position we use th We call Segment. Segments have one start and one

Google Maps AP that provides the data that is rrestle  €Nding Checkpoint. Those RouteSegments help us to
in the Route Definition. accelerate computation during recommendation

Parts of the route can be annotated by the user a@rocesses where not all Route-related GPS infoomati

shown in Figure 2. For instance, we modeled thedlier IS Necessary. TerrainSegment represents one waseto
Segments which are defined by the user. Here tae us Segments: they defme changes of a Route’s flque.ty
manually assigns the type of terrain to a routersey Therefore, a Route’s creator presses the buttcrfgm:
by choosing a new terrain from a list-box. Another change’ and selects a new surface type from &eligt,
possible annotation is the change of the route tar, grass, forest). TerrainEnvironment behavet_ehm
environment. It makes a difference if one jogs ang ~ Same way for Route environments (e.g., pedestrizm a
in winter through a lit and inhabited district odark ~ fl€lds, sea-side). AltitudeSegment is used to aefiarts
forest. Since we use time-based recommendations, su ©f @ Route that lies between two points of inflent
parameters can improve the quality of recommendatio Where the slope is changing. E.g., if a Route'psls

to the user. The modular design allows us to irelud Continuously ascending from the start to the ehd, t
further segments later on. system generates one Segment. To avoid operating on

Another variant of annotations are automatically @l data sets when a request for a certain GPSitoca

generated annotations that are computed by therayst arfives, we developed the BoundingRectangle. This
for segments of a route that lie between two alttu €Ntity represents a box that surrounds one Route.
differences. Altitude changes can be defined by BoundingRectangle is used during the filtering it f

mathematical rules and are easy to compute aobjects of interest in the neighborhood of the user
contrasted with the manual annotations describedRequirement1and 2 are covered with this definiod
above. a route data model.

4.2. L ocation-based Filtering

Location-based filtering represents a crucial pért
the route recommendation, because it reduces the
amount of data that has to be processed by théngnk
mechanism, thus significantly improving the overall
performance. The filtering only keeps routes in the
result set which are located in the vicinity of treer or
user-specified location. This vicinity is represzhby
- - the BoundingRectangle object, which represents a
and contains a name and a short description (e.g. . .
“Campus Route: a well-frequented moderate running ’rectapgular area (.Jf mtere;t arqund a geodraphic

location, defined by its four sides. Since the ghafithe

route across the Campus”). The denivelation dessrib e .
the difference in level between the highest andeltw Earth resembles an ellipsoid, the BoundingRectangle

Figure 3. Data model
A Route (see Figure 3) is created by an admin user,



does not represent a simple two dimensional gednetr 3). Requirement 2 and 3 are covered with the desdri
figure but a curved surface. For this reason, diefsned approach.

by the corresponding longitudes of its east andt wes

sides and the latitudes of its north and southssiteis 4.3. Ranking

reducing the magnitude of calculation errors even f

very large areas. _ _ The ranking system is following a plugin-based

Filtering of nearby routes is performed by using th  3n5r0ach. This approach allows the implementatian o
routes’ corresponding BoundingRectangles. Onlyeut  gingle plugin per ranking feature, programmatically
with BoundingRectangles intersecting with or coméai separated from the core system. This allows eadirpl
in the vicinity's rectangle are considered as ne@be 5 pe evaluated and weighted individually, and the
Figure 4). Since in our particular case we are not anking function can be easily expanded and adapted
interested in the intersection points or whethehaee without touching the core code. Details on this
an intersection or inclusion, the checks needingpeo configuration adaptation can be found in [29]. Each
performed can be simplified, thus the overall y5i5 type in the system, e.g., a route, a poiiritefest,
performance of this filtering mechanism can be etc., a specific ranking configuration exists. By
improved. separating the configurations, we can define which
plugins are to be used for entities of certain dgpes
and how the plugin should be weighted. This allows
g;uun!j;g; ; to easily extend and adapt our system (see regeitem
rectangle 7). For the following descriptions of the ranking
mechanism and the individual plugins we are udiey t
term “object (#)”, which can be any object of a valid
data type.

The final score for an object is composed by sdvera
partial scores (see formula 1 and requirement 4).
Location , Depending on the ranking operatad{l or multiply) of
e 3 B the plugin a partial score is used to determine the
multiplier (first component) or is added to the @et

Route

e &
User location

: \\poin,su, component of the formula. Be&x the amount of
e ‘7"%1 MULTIPLY-Plugins, m the amount &DD-Plugins and
bounding : ri(0) part-score by a single plugin.

rectangle
score(0) = [Ii=,7:(0) - 7L, 13(0) (1)
Formula 2 shows the calculation of a partial s¢gyre
such a pluginkPi(0) is the score assigned to the object by
the plugin's internal algorithm, amegn) the plugin's
weight as specified in the configuration.

Figure 4. Location-based filtering

In addition to route filtering, the filtering prose
performs aadditional filtering of POls. Since thamns

of interest on or near a route represent an impbrta
parameter used by the ranking mechanism, theyteave r;(0) := Pweignt(i) * P;(6)

be related to a particular route and then examiyetie Pweight(i) € Rg; Pi(6) € [0,1] (2)

ranking mechanism. This task is highly computation | ocation Ranking Plugin. The location ranker will
demanding and may greatly reduce the overall etermine the distance to the start of a routéh@iPOI
performance of the ranking mechanism, becauseeof th respectively). Origin can be any GPS coordinate or
large number of available points of interest. AUS t  address, including the user's current location iy
reason, the matching of points of interest to pakair by his / her mobile device (see Formula 3).

routes is pushed down to the filtering processis It . d(origin,@)
performed as a second phase of the filtering psoapd P (0) := —LocationRange@)
uses the result set produced by the precedingfiiggef Time Ranking Plugin. We extract relevant time

nearby routes. In this phase, we iterate overel#vant  information from the query, which can either be a
routes and filter out points of interest, which auet concrete time (like “4 pm” or “August 5th* ) in thypiery
contained in their BoundingRectangle or in itsmiti.  terms or the point in time at which the query was
This vicinity is represented by the route’'s executed. The object must provide time informafimm

BoundingRectangle expanded to an area, whichaccessibility or a start / end date (e.g. one tiumaing
contains potential relevant points of interest Efure



events) and this information needs to fall in aaiar
configurable time range to be evaluated in the time
ranking plugin (see Formula 4). The time and |aoati
ranking plugins meet requirement 5.
.__ |Dateqyery—Dateg|
Ptime T TimeRange (4)

Boolean Keyword Ranking. The Boolean
Keyword Ranker will match semantic concepts in the
ontology representation of the user profile with
potentially related concepts of the object.

LuceneFull Text Search. This plugin is intended to
be a backup mechanism if the concept matching dails
does not return any results. It will perform a sienfull
text search over the objects description contairilhg
available profile information and search query term
The Boolean Keyword Ranker and Lucene full-text
search address requirement 6.

Point of Interest Ranking. The first consideration
is the distance between route and POI (see Figuie5
compute the distance we split the route into segsnehn
a fixed length, defined by the amount of checkmoint
included in the segment.

Figure 5. POI ranking

This will impair accuracy, but helps to achieve a
better performance. Due to the vector-based cdionla
this approach also works in a 3-dimensional spieee,
taking altitude into account. Furthermore, thevatee
of a given POI to the user's profile needs to be
considered. Therefore, some ontology matchingss al
needed at this point.

Rating Ranker. This plugin considers the average
user-rating on the aforementioned Likert scale betw
1 and 5.

Usage Ranker. Usage refers to the amount of times

Therefore, the distance between the average lerigth
route in the user’s running history and the routes
come in to question for recommendation is calcdlate

Duration Ranker. The system allows the users to
set the duration of their next training sessionliekly.
Therefore, the users’ average duration per urérmufth
is used to calculate the individual’'s running tifoe a
specific route.

Hilliness Ranker. As mentioned above, routes are
categorized into three slope categories, nanfialy
intermediate or hilly. Routes are sorted into these
categories according to their denivelation.

Normalization. Finally, we normalize the output
scores of every single plugin to prevent outligxsrf
distorting our results. To do so, we first splie thet of
scores into quartiles. Then we recalculate the escor
relative to the quartile borders, as shown in fdenu

q Jif b, =
fla) = { g+ ((x = bpin) ), otherwise (6)

Be x the original score,

Fu—q;

bmaz—bmin

41/ q. the lower [upper border of the quartile (e.g. 0.25 and 0.5)

and bmin/bmaz the minimal /mazimal score in the quartile

Therefore, each original score is mapped to a new
score between 0 and 1 and this solves the probfem o
outliers. Figure 6 shows the normalization residtsa
concrete example.

Normalization
100 1
80 09
80 08
70 o7
60 06
50 05

40 04

original scale
normalized scale

30 03

0 0.z
10 01

0 0
12 3 456 7 & 9 101112121415 1617 18 1920 21

number of results

®original scores < normalized scores

Figure 6. Ranking score normalization

4.4, Implementation

In order to address the limitations of mobile desgic

an object was used. So the score is calculated byike limited computational power or slow and expieas

dividing the usage indicator of the evaluated abic
the global maximum usage indicator (cf. Figure 9).

Pusage(8) 1= ——22— (5)

maxusage
Length Ranker. The Length Ranker ranks routes by
its length according to the user’s preferences uger is
a long distance runner, e.g. training for a manattloe
system computes the most appropriate

routes.

Internet access, a client/server architecture atized.

Figure 7 shows the data flow of route recommendatio

The mobile side is implemented using jQuery Mobile.
A user has the possibility to actively search for

routes via specifying the location and length eftbute

or other terms. A REST interface ensures data exygha

between client and server. First, the filtering



mechanisms reduce the number of suitable routes and Figure 7 shows the overall recommendation process
then the ranking mechanisms assign a ranking foore and screenshots from the implemented solution. A
each remaining route to derive an ordered listiidble search is triggered from the mobile client applaabn
routes. Filtering and ranking run encapsulateds Tél a user's mobile device. The internal recommendation
us to the decision to use Java Enterprise Editi&t) processes the query, converts it into an internal
which separates the business logic from the datatid representation and performs the filtering and nagki
the client side. Expensive calculations are mowetthé operations as described in the preceding subssction
server. Every module on the server is implemensegha  The results are returned to the user for selecfitre.
enterprise bean. Due to the fact that this approachselection of the result as well as any other eiptic
provides the envisioned modularized structure, @dsy implicit actions of the user on a specific routee ar
to leverage the power of the JEE platform. Furtieeenm tracked in the backend and used to improve subséque
only a fixed number of recommendations are transfer  searches. As a final step all relevant informatbout

to the user interface. Remaining recommendatioas ar the chosen route such as a map, terrain description
saved in a cache to reduce computation effortshfer  adjacent POls, etc., are pushed to the user's mobil
client. If the user clicks on “More results” additial device.

routes can be loaded quickly from the cache. Theesa
approach is applied for route information. Inityalbnly
basic information such as name, rating, or distdace
shown to the user.

5. Conclusion & Outlook

This paper has presented an integrated concept for
location-aware assistance system for scenariostiasgi
outdoor sports activities for both the health (érg.
rehabilitation) and fithess domain. A proposal &r
architecture of an assistance system has beenopexk!

Data flow

Interface and

Database
Recommendation Engine

Route Search

Add to favourites

Query generation

¥
Filter
3
Plug-in Selection

'

Ranking

v

List generation

Cache instance

-

Fighre 7. Recommendation process/prototype

Detailed information about a route such as
denivelation, terrain, POls, etc., are loaded fribma
cache. This approach decreases the amount of @ata t
transfer between server and client. Initial teséseh
shown that response time is decreased significantly

and a process for recommendations has been designed
that covers the core analysis and recommendation
system, as well as web-based and / or mobile sliemt
gathering data and pushing recommendations to the
user.

Based on an analysis of influence factors for
assistance in outdoor scenarios, requirementsthes
mapped to analytic features that resulted in tisgyteof
specific ranking functions. Routes are considersd a
objects with certain features, which need to becheat
to a runner’s profile and context. Initial evalweis have
shown, that relevancy of route recommendation i we
received. POIs near or on routes are of partihdaefit
to runners, being tailored to their demands (eegt r
points such as benches or restaurants, nice viewg)oi
However, routes are not solely considered as abfmat
are described using segments which is similar to
traditional routing problems with the differenceathve
also describe additional information valuable for
runners such as terrain type (soil, concrete, etagute
environment (lit, urban, etc.). As a result, dynanoiute
changes during a run are possible. Such changdsecan
based on distance or other user criteria.

Overall, the depicted approach represents a major
step forward compared to current fitness applioestidt
is capable of catering to both fithess and health
scenarios. Furthermore, it also considers motinatio
that may not correlate with the training per sg, a.
rehabilitation patient who is interested in specRiOls



can be recommended routes which include thesen&y a Acknowledgments

large, this approach enables a more natural irtterac

of hobby runners and rehabilitation patients arsdeis
their willingness to train on a permanent basigelms
of data acquisition, initial evaluations have shawvat

The presented work has been carried out in thefearo

ITEA project uService and the German project
MENTORDbike. The work was funded by the Federal
Ministry for Education and Research in Germany. (ref

the recorded GPS data can be very noisy. Naivengs. 011S09020D & 11S11034D).

solutions so far considered include filtering ouP %
data that can be clearly identified as outliershedt
segment types have to be captured manually bystie u
Due to the increasing information about route fesgu
made available by map providers and increasing
capabilities of sensors and image recognition, xpeet

the latter to be recordable with a user's smartngho
automatically in the near future. Following design-
oriented methodology [30] the created artifact toalse
evaluated against several criteria in future work: (2]

» user acceptanceEspecially in self-motivated
rehabilitation training, technology acceptance
and adoption are crucial factors, to ensure that [3]
important advice is followed by the patient.
[31]

» real time responsivenesBollowing the work
of [32], health-critical situations (e.g. [4]
surpassing a certain threshold in heart rate)
have to be dealt with in real-time.

. (mobile) network reliability As the [
communication among devices and people is
carried out via a mobile or wireless network,
reliability is crucial to prevent possibly
hazardous situations for patients (cf. [33]). [6]

* integration of medical personneEvaluation
has to be carried out in clinical studies, in order
to evaluate the integration of physicians in
caretakers in the monitoring and treatment
process (cf. [34])

Further direction for future work is personalizatio
of the ranking function. In order to achieve thig, will
apply linear regression on the parameter weighthef
ranking function. This will emphasize different kamy [8]
plug-ins in relation to individual user feedbackg.e
clicking on the route description, scheduling a omna
particular route, positive rating or negative rgtiof a [0
route or no action. Cold-start problems regardieg n
users will be solved by automatic clustering ofrase
This will allow to group users with sparse datahwit
others users, thereby allowing the system to useata [10]
of other, similar users to guide its recommendatan
new users. The identification of similar users aito
be used to inform a runner about other runners with
similar fitness level in their vicinity during amu
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[7]
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