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Abstract

Overthe last years, he number of mobile devices has exceeded the number of triad
tional PCs.Sincethe available information on the internet becameunmanageable a
new problem in finding the most appropriate and relevant informationhasemerged.
Additionally, mobile devices havea limited display resolution and size.Because of
these developmentsthe ideato present andmap only the most relevant and impor-
tant information arose Such adigital mobile guide for hiking has been developed in
the Swiss NOET T AT O0AOE8 4EEO i1 AEIT A OAOOGEAA
where and when they are the most relevant. The requests of the users are logged
with the coordinates and timelt is possible to analyze thesdogfiles with respect to
different context factors. In this thesis the context variables location (trail and picnic
area), environmental variables (topography, vegetation, and weather condition),
time (relative and absolute time), and user groups are analyzed. The user groups are
derived from the duration of stay atthree picnic areason each trail The relevance of
each information group in specific contextual conditions can be derived from the
relative distribution of the requests.Additionally the influence of each context vam-
ble and the sensitivity of each piece of information on context could be assessBdt
the results are uncertain, because aajor error in the calculation and the model

must be assumed. One of the biggest sources of error is the GPS accuracy, which is

coupled with the calculation ofmost of thecontext variables.

The most striking results are the high sensitivity of the data on the relative time and
the meso space, which isn this thesis represented with three different trails. The
picnic areashave also an influence on the request behavior of the userbecause
high peaksin terms of quantity are observable near the picnic areas.
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Zusammenfassung

Die sichim Umlauf befindenden mobilen Gerate nahmen in den letzten Jahren stetig
zu. Zum heutigen Zeitpunkt sind mehr solcher Geréte als herkdmmlic&Csim Um-
lauf. Mit dem fast unendlichen Datenangebot des Internets kamen Probleme adfe
relevantesten Daten zu finden und zureprasentieren. Zuséatzlich verfigen mobile
Geréte Uber ein limitiertes Potential detailreiche Karten auf dem meist kleinen Bi
play darzustellen. Beide Probleme fuihrten zur Ideedem Nutzer nur die relevantes-
ten und wichtigsten Informationen darzustellen. ImSchweizer Nationalpark ist seit
einigen Jahren ein digitaler Wanderfiihrer im Einsatz, welcher den Wandererin-
formationen rund um den aktuellen Standort zur Verfigung stellt. Die Abfragen der
Nutzer werden in einer Logdatei mit den jeweiligen Koordinaterund der jeweiligen
Zeit gespeichert. Diese Logdateien bieten sich aden Einfluss von verschiedenen
Kontextfaktoren auf das Abfrageverhalten der Wanderer zu untersuchen. In dieser
Arbeit wurde untersucht, wie sich der Standort (Wanderroute und Rastplatz)lJm-
gebungsvariablen (Topographie, Vegetation und Wetter), Zeit (relative Wanderzeit
und Tageszeit) und Nutzerkategorien auf das Abfrageverhalten der Wanderer swu
wirkt. Die Nutzerkategorien wurden anhand der Rasteit an den Rastplatzen ernit
telt. Aus der rdativen Verteilung verschiedener abgefragter Informationen konnte
die Relevanz einer jedelInformation unter den gegebenen kontextuellen Umstanden
ermittelt werden. Die Stéarke des Einflusses der verschiedenen Kontextfaktoreros
wie die Einflussnahme auf veschiedene Informationsgruppen konnte abgeschatzt
werden. Jedoch hat sich gezeigt, dass fur die meisten Kontextfaktoren ein nicht zu
vernachlassigender Rechenfehler und Modellfehler besteht, water nicht zuetzt
von der Positionsgenaugkeit des Gerates abhgt. Als einer der wichtigsten konte-
tuellen Faktoren konnte die relative Wanderzeit ermittelt werden.Weiter ist der
Raum auf der Skala der Wanderwege wichtig. Fir die quantitative Verteilung im
Raum sind hauptsachlich die Rastplatze verantwortlich, an vighen viel mehr Abfra-
gen als im restlichen Gebiet gemacht werden.
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| 1 INTRODUCTION

The number of mobile devicessuch aspersonal digital assiastans (PDA) and mobile
phones has exceeded the number of traditional PCis the last years The usage of
these devices has changed frortoys to tools (Struss, 2004) Also multimedia phones
are becoming more and more popular. On some of these platforms commercial map
applications are available. By the majority they are car navigation systems
(Sarjakoski & Nivala, 2005) Locationbased services (LBS) become more and more
integrated with the physical environment (Gellersen, 2003) The almost ubiquitous
availability of the internet has brought web mapsand web services to the mobile
environment. Therefore not the general availability of the information, but other
factors such as display size and computing power constrain the usage of such devi
es (Meng & Reichenbacher, 2005)Other factors such as the constantly changing
environment, the volatile user emotions, or the timecritical user tasks constrain the
efficiency of the delivered information(Reichenbacher, 2004)

So far the most utilizedapplication in a mobile environment is a mobile map. &
cause oflimitations of the display these map often contaironly some points of inte-
est (POI) on a more or less skeletonized background. The design of the map as well
as its containing information must be calculated in reatime or pseudo realtime in
order to ensure a high acceptance by the us¢Meng & Reichenbacher, 2005)One of
these LBS has been developed in the Swiss National Park (SMR)ce 2001 The
WebParks\Pservice hasthe goal to answer the questions ofhe park park visitors
where and when they arise(Haller, Burghardt, & Weibel, 2005) Because théVeb-
Parks\Pservice was developedwith respect to user needs it is accepted antiked by
the majority of the users.

Log files have been produced as a product of the usage. This logging dza been
analyzed by different research groups with different goalsHaller and Eisenhut
(2008) analyzed how frequent the different information pieces were requested A
continuative study of Eisenhut et al(2008) tried to clarify what impact the topogra-
phy has on the request frequency of the WebPark users. Froma geographic pers-
pedive these analyss can be seen as a part from the field of geographical relevance
and context research, with the general goal to find the most appropriate and relevant
information in certain situations. Eisenhut et al.(2008) did not look into the distri-
bution of the requests, but on the total amount of requested information under ce
tain circumstances. Going a step further in analyzing these log files it can be dete
mined which information is the most relevant in certain situations.In order to en-
sure that the presented information is relevant, ineterpretable and also readable,
and due to the above mentioned constraints of a mobile device, only a limited
amount on information can and should be presented tthe user.



1.1 MOTIVATION

User-centered desiginas been a topic in a great amount of research papei® years.

The general goais 00T AOAAOA OOAAT A AAOECT O 1 OOEITT O OEA(
OEAU xAT O Oi h 110 (Rdhd & ReciErbaptidr, DEsApG). Ehd OA 01 6
International Organization for Standardization(1SO) set the standard 13407 (1999)

on user centered design processwhich can be seen as a circl@he first step is to

determine the contexts of usewhich will lead to requirementsof a system. Thesee-
qguirementscan lead to adesign solutionyhich can beevaluated.The evaluationcan

initiate new context of useand the cyclic process starts again. If a specifiesignso-

lution satisfies the current requirements, the cyclic process can (temporarily) be

brought to an end. This process idlustrated in Figure 1. Officially the WebParRNP

project finished in 2004, but the application and the system underlie a constant

process of renewal and innovationThis study can be seen agart of the whole inno-

vation process of the system. Analyzing the requedor different context variables

and their characteristics can be segas a speciatlor omf an evaluation task. The sp-

cific form motivation is to provide the SNP with new ideas in order to upgrade the
systemand make it even more efficient.

CONTEXT OF USE

EVALUATION REQUIREMENTS

DESIGN SOLUTION

FIGUREL : USERCENTRED DESIGN CIRELBASED ON ISO 13407

The scientific motivation is to study both contex research/geographical relevanca
a mobile environment and user classificationsvith similar goals are in the scope of
current GIS researchRelevance is especially important for mobile geovisualizations
and maps.Due to severalconstraints, such as linted display resolution and size, not
all information can be drawn to a map. Therefore only the most important / releant
ones should be selected.The importantce of a singlepiece ofinformation has to be
modeled and calculatedaccordingly.



1.2 RESEARCOBJETIVES

This thesis concerned with context research and user modeling in a mobile efv
ronment. A quantitative analysis of humanrcomputer interaction based onrequested
information of the WebParkSNP servicwill be conducted in order to investigate the
usageof context It can be assumed that not always statistical prove statements can
be formed, but since the data set is very large, the findings should be of some stati
tical significance Based on the analysis of user requestyualitative statements shall
then be formed Based on this general objective, the following sub goals are:

1 Proving that the request for certainpieces ofinformation as well as the e-
quest frequency in general is depending on contextual factors.
1 In which way is the behavior is dependenton contextual factorsand reveal
any potential patterns.
9 The contextual factors shall be rated with respect to their influence. It shall
be clarified which factors have more influencenOEA OOA08 O OANOAOOD
and which have less influence
1 How can he contextual variables be modeled coherently.

One of the contextual factorsis a classification of the usersinto homogeneous
groups. For this specialcaseit shall be clarified whether it is possible to apply a $n-
ple model on the behavior of the usersvhich leads to significant differences in the
request behavior.

All models and calculations should be as simple as possible, because the ltarmn
objective is a real time calculation of relevance scores performed by a mobile device.
Because of the limitel storage as well as the calculation capabilities the processing
chain has to be as simple as possible, and therefore also the underlying model must
be as simple as possible.

The context variablesto be analyzedcan be split into topographic variables, tine
variables, user classification and variables which describe the current location, be it
the temperature or the vegetation.



1.3 RESEARCQUESTIONS

Derived from the research objectives the following reearch questions can be
phrased.

Theleading researchquestion is:
0) 0 OEA OANG& hOgark diskdesAdeiendénton AT T OA@0Oe 6
If this is the casea follow up question arises:
f Qran context factors be defined quantitativelyd

If the request behavior and therefore the relevance of informatiormre dependenton
the context and the context can be defined quantitatively, a research questi@on-
cerning relevance is:

§ (s it possible to specify the relevance of information under differentienv
or1i1 AT OAT AT 1 AEOET 1T Oed

These three main questions lead to a serigf more specific questions:

T O7EEAE 1AOGAT T &£ 1 AAOGOGOI ATAO EO OEA 11
AT1T OAdO AT A OEA OAI OAT AAebd
T O7EEAE OAOEAAI AO AAT AA 11 AATAA xEOE

which variables are noassignable 6

T O7EEAE Al 1 OA@O Ahrdateitioiucdd orBeOTEAOA OEA
request patternss £ OEA OOAOOe o

The user groupswill be a special kind of context variable in this study.

1 Os it possible to classify the user by their behavior around the
picnic areas, and do their requests pattern difeerd



1.4 OUTLINE © THE THESIS

This thesis isorganizedinto 6 chapters. The firstchapter describesthe research co-
text of this thesis with the themes relevance, context and the WebPark systefhe
resulting model development isdocumented inthe secondchapter. The third chap-
ter, the methods,contains all preprocessing steps and also the processing steps in
order to get all data prepared forthe analysis. The results for each context variable
will be discussed in the next chapter on theesults. Both the quantity and thequality

of the requested information under different environemental conditions will be pe-
sented and digussed in the fifth chapter The thesis is going to end with @onclusion
chapter, which will provide achievements and insights, limitations and open pb-
lems and an outlook.

RESEARCH CONTEXT
Relevance, Context, WebPark

&
- 4

A

MODEL DEVELOPMENT
Concept and Calculation

/-\
\

A J

METHODS
Preprocessing, Grouping and
Calculation of Context Variables

m
)

Y

RESULTS
Quantity and Quality

M
_

A4

DISCUSSION
On Methods and on Results

)
L/

Y

CONCLUSION
Achievements, Insights, Limitations.
Open Problems and Outlook

o
Y

FIGUREZ : OUTLINE OF THE THES.



| 2 RESEARCHOONTEXT

2.1 RELEVANCE

2.1.1 RELEVANCRODELSN OTHER DISCIPLINES

The term relevancedoes not only occur in the field of information science or even
geographical information science.n the 1960sit x AO  OA C A Odvdiuativélténl AT O
for resolving problems associated with measuring the effectiveness of automated i
formation systems(Greisdorf, 2000,p. 67). Other fields like philosophy and comnu-

nication did also deal with the problem of categorizing information in terms of their
relevance From the relevance theory of Wilson & Sperbef2004) it can be deduced

that what makes a person picking up a certain input is not only its relevaec but the

relative relevance compared to an alternative input.

Saracevic(1996, p.206) proposes a list of general attributes of relevancsuch as

relation, intention, context, inferencand interaction, and defines relevanceOA O i-A A O
terion reflectingthA A £ZFEAAOEOAT AOGO 1T £ AGAEAT CA 1T £ EIT A& O AOI

System or algorithmic relevanceEvery system has itsown ways to represent
and organize the files and text, as well to mah the queries to these files.
Topical or subject relevanceDescribesthe relation between the topics of the
query and the retrieved text.

Cognitive relevance or pertinencédescribesthe relation between the level of
knowledge and the retrieved text.

Situational relevance or utility Describes the usefulness of the retriextetext in
the situation.

Motivational or affective relevanceRelation between the goal or motivation of
a user and the retrieved text.

Sperber and Wilson(1986) suggest three key points of relevance.

1. Relevance is assciated with its context and the relation to the assumptions.

Relevancecan be seen as a matter of degree.

3. Relevancecan be utilized for comparative judgments, but also vague abs
lute judgments.

n

Relevance has also been used to rank information in ordéo be able to select the
important information out of an unmanageable quantity of information. Internet
search engines (e.g. Google) rank the relevance information based on the scalar
product of query vector and the document vectorReichenbacher, 2007)

Different opinions about the measurability of relevanceexist, ranging from immea-
surable to scalablgGreisdorf, 2000).



2.1.2 GEOGRAPHICAXTEND

As presented by Raper et al2002) geographic information (GI) has a spatial and

temporal extent. $ AOE OAA  A£0(1970) firét v f @Qéo@raphy that"every-

thing is related to everything else, but near things are more relat than digant

OEET cOoh EO AAT AA AOOOI AA OEAO BEageeOl AOEIT T
distancemeasurementhave a higher relevance in a giveoontext usageThe location

itself plays an important role to evaluate an appropriate distance fuction, which

includes not only the Euclidian spacgReichenbacher, 2009) Understanding the

relevance for an individual is necessary to provide adapted and appropriate info

mation on a location based servicéRaper, 2007).

2.1.3 RELEVANCE IN MOBILARTOGRAPHY

The environment in a mobile situation influences also the information need of a user.
Defining a taskdriven geographical relevance in a mobile environment is complex
and both task and location-dependent (Raper, 2007). Rachenbacher (2001) tried to
categorize the elementof relevance in a mobile system.

High level tasks:

f Locators

1 Proximity
1 Navigation
1 Events

Therefore high level task, such adocators, proximity, navigationand eventscan be
split up to several low leveltasks. Locator tasks can be questions likex EAOA Al )
and O x E A O APrdxi@ity tasks can be questions ik x EAOA EOwidieEdd T AgO
typical task for navigation is routing. Eventscan describe what conditions exist, or

xEAO6 O EADPDAT EdarQuitiddorcdkns EbAh® distréction of the user, the

usage of visual solutions is depating on the context(Reichenbacher, 2001)

2.1.4 NEED FOR RELEVANCEGCTAATIONS

The assumptions following thefirst law of geography(Tobler, 1970) that things with
a shorter distance to position are moreaelevant than things which arefarther away,
leads to the following thoughts (Reichenbacher, 2009) In a mobile environment tte
distanceis not only defined as a Euclidiamlistance in space Other possibilities might
be the time distance or manhatten distances. In other words, an object is marele-
vant the closerit is in any relvance dimersions and a given context. In order tomake
these thoughs clearer an example will be discussed. Figure 3 two users A and B
are at the same location P. While user B is on foot and looking for a bookshop, user A
is riding a bike and is looking for a bike shopith LBSboth users would only get the
two objects 1 and 2 because they are inside the search radius of 250 But also the
bike stores 3,4, and 5 are relevant to the user A and the book stores® 8, and 9 are
also relevant to the user B. Sure they are lesslevant, because they are further away



and might have some other attributes, which decrease their relevance to the user.
Bike store 5 might just be closed and some of the book stores might not have the
appropriate literature for the user, e.g. only sellingoooks in a foreign language. Ne
ertheless they might be a valid alternative for the usersAnother thing, which might
be interesting, is that the relevance of bike store 4 and book store 8 are not equally
relevant to their users, because user B is by fooand the Euclidian or network ds-
tance to these storese plays a more important role than for the faster biker.

Wkre

> Ay ’ i

FIGURES3 : DIFFERENT DISTANCEBOR DIFFERENT USER®EICHENBACHER, 2009P.2).

Both proximity and location are important factors in order to calculate the gee
graphical relevance in a mobile environmen{Reichenbacher, 2009) These calcuh-
tions are not trivial. However, the use of relevancewhich inlcudes multiple factors
and multiple concepts of distance erdnce the quaity of the presented information
for the user.Therefore general concepts for contex modelling and relevance maas
rement are needed to enable an enhancement bBS andmobile maps.



2.2 CONTEXT

Context can be definedin a holistic way as the sum of all circumstances and facts,
which surround a certain activity (Dey, Salber, Abowd, & Futakawa, 1999fhe term
contextis changing its neaning in the different domainsof information science.In
the field of artificial intelligence other general concepts are used as in the field of
user interfaces(McCarthy & Sasa, 1997)In the field of mobile computing the diffe-
ences between most of the definitions is the descriptionf the context as wé as the
considered parameters(Dransch, 2005)

For computer systems, context can be defined as all factors that influence the calc
lation of a process beside the explicitly given guments (Schmidt & Gellersen,
2001). Derived from these definitions Schnellg2007) AAOAOEAAOG Aird OAGO A«
cumstances or events that form the environment within which something exist or
OAEAO ¢ dthehids cited publications of @y and Abowd (2000, p. 3 con-
tains the following definition of context:

ricontext is any information that can be used to characterize the situat
on of an entity. An entity is a person, place, or object that is considered
relevant to the interaction between a user and an applicationcluding

the user and applications themselve3.

Derived from these definitions it can be statet that contexis much more than just
location. It can vary a lot during the use and is therefore dtidifficult to measure or
even identify (Kaasinen, 2002)

2.2.1 CONTEXAAWARENESS

From a general definition of context as the description of the surrounding area with

its characteristics,additional information about the environment can be used to e-

fine the system(Schmidt & Gellersen, 2001)Dey (2001) declares a system to be
contextaware OE &£ EO OOAO Ai 1 OA@dO O DOl OEAA OAlI A
theuOAOh xEAOA OA1 AOAT AU ACAeb Anld Kaix2(00) disi=A OOA OB
guish between the context as a characteristic of the surrounding area, and theneo

text that is relevant for mobile applications Therefore they define context for mobile

applications asOOEA OAO 1 £ AT OEOI 11 AT A1 OOAOGAO AT A
APDPlI EAAOCETI 1680 AAEAOET O 1 O ErdisinterEsBngtohé ADDI E
usel(Chen & Kotz, 2000 p. 3. From this definition they find a difference between

active context awarenesand passive contextwarenessin the first case the applia-

tion adapts automatically to the context, by changing its behavior, in the second case

the contextis presented forto user.

Because insome complicated navigation situations, the user might not be able to

perform an active operation, Nivala and SarjakoskR003b) use a different approach

for passive and active context awareness. They state that arctime context



AxAOAT AOGO AAT iAphttind tAcEiEoknGifor for Al apgiication, e.g. by
DAOOT 1T Al (RivhlA GRE $akjakoski, 2003b p. 46, while passive context
awareness is that the user can decide with a confirreject option, whether he wants
context-aware information.

Van Setten et al(2004) distinguish between contextawareness and recommender
systems. For both types the goal is the same, namely to provide the user with the
most appropriate content from an unmanageable amount of possible contents. The
goal of contextaware systems isOOT DBOT OEAA A OOAO xEOE OAI AOAT O
OAOOGEAAO AAOGAA 1 (van Bétén ethal) P00 [. €39, Mhiilé theigand o
of recommender systens is to provide the user with information of his interest. Both
systems can be seen as a tool to provide the user with relevant information. In order
to get a maximum accuracy for the provided information, both systems can beme
bined.

Becker and Nicklas(2004) proposed another classification for contextawareness.
They distinguishe between:

1 Context-based selection: The context information defines the information
and services which are used by an application. Context factotan be the
DEUOEAAI bDPOI @EIi EOU 1T 0 OEA OOAOGO DPOAZEAOAT AAO
1 Context-based presentation: The context is not responsible forwhat in-
formation is presented, buthowit is presented.
1 Context-based action: In the contextbased presentation is the user directly
involved in the interaction with the application. In contrast to that the co-
text-based action automatically reacts to the context e.g. proximity.
1 Context-based tagging: Tagging of information does not automatically lead
to an immediate change of the behaat of the application.

For our purpose with the goal of dynamic mobile mapsvhich enhance the usability
of the device especially contextbased selectiorand contextbased presentationare
important (Reichenbacher, 2007) Context based selectioas well as presentation
tries to supply more relevant information asillustrated in Figure 4.
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classic, static map

IS: information supply

IN: information need

personalised, mobile map

IS: information supply

IN: information need

information need/demand — information supply:information objects

FIGURE4 : GENERAL GOAL OF CORKT-AWARE APPLICATIONSREICHENBACHR, 2007, P. 10).

2.2.2 CATEGORIZATION OF Q@XT

For Schilit et al.(1994) the three most important aspects of context are the location
(where are you?), the surrounding group of people (who are you with?and what
resourcesare nearby.Chen and Kotz2000) find of this accumulation of single fa-
tors three general factors; thecomputing contextthe user contextand the physical
context.They also add a fourth important factor, thdime context,which indicates the
season of the year, the time of day, week or month. They aldistinguished between
high-level contextand low-levelcontext. High-levell AAT & OEA OOA080O AOOO
and the complex social context, whiléow-levelmeans time, location etc.

Other authors also tried to categorize the context into different factors. For our pu
pose the categorization ofSarjakoski and Nivala (2003)is the most appropriate.
They defined the following eight main context variables, which influece the infa-
mation needs in a mobile environment.

Location,

System

Purpose of use

Time

Physical surroundings
Navigation history

Orientation

Cultural and social background

= =4 =4 4 4 -4 —a -

These eight variables can be allocated to five general context categarwhich are
illustrated in the following table. They arecomputing, user, physical, timand history.

11



TABLE 1 : CATEGORIZATION ® CONTEXT, (NIVALA E AL., 2003, P. 26,BASED ON DAY, 2001 AD CHEN AND
KOTZ, 2000)

General context cate- | Context categories for Features
gories mobile maps
Computing System Size of display

Type of the display (blackz
color screen)

Input method (touch panels,
buttons etc.)

Network connectivity
Communication cots and
bandwidth

Nearby resources (printers,
displays)

User Purpose of use 50A060 DOl £EI
Social disabilities, etc.)

Cultural People nearby

Social situation

Physical Location Lightning

Physical surroundings Temperature

Orientation Surrounding landscape
Weather conditions

Noise levels

Time Time Time of day

Week

Month

Season of the year

History Navigation history Previous locations

Former requirements and
points of interest

Because ofseveral difficulties with other context variables, the location is the only
context element in mobile map applictions, which is currently exploited. Another
reason, besides the difficultiesto calculate the other context variablesis that the
location is, concerning the map, the most appropriate variable. Other variables might
just be irrelevant (Sarjakoski & Nivala, 2003)

12



2.3 RELEVANCE ANDDNTEXT

Important factors for context are theconditions and surrounding influences which
make a situation unique(Brézillon, 1999). Saracevic(1996) emphasized the role of
context for the relevance of information . Reichenbacher(2007) stated that the most
important context dimensions are location, time, user, activity, informationand the
system. How relevance and contexplay together conceptually and computationally

will be presented in the following subchapters.

2.3.1 EXISTING CaPTUAL MODELS
In general the context modelOOADPAOAOAO APDPI EAAQEIT T O A&OI I

processing and cdd A @O  AReGeBniekt dmddel also allows the application to

Applications
S
"§ Update(id, value) jquery (filter)
= I
g ® o0 o Context
< ® PY
o Model

Physical

o> @ 4

FIGURES : GENERAL MODEL FOR THRELATION BETWEEN HE PHYSICAL WORLD AN A CONTEXTAWARE
APPLICATION(BECKER & NICKLAS, 204, P.2).

Dransch (2005) stated that the differences in the definitiors of contextmainly origi-
nate from which parameters the definitions consider. A very general model is pe-
sented by Jamesoif2001). Therelevant parts of thephysical world are the situation,

the current state of the user as well as the lonterm properties of the user.The situ-
ation, mainly the location, can be read by context sensor such as GfeSices. Other
sensors e.g. in the jewelry of the user could read the current state of the user, e.g. his
emotional arousal.The longterm properti es of the user could be evaluad through

his interaction with the system, or his browsing history. All threemain features of
the physical world define whether the presented information is relevant to the user.

13



In order to achieve a maximum relevancer interestingness of the information, the
system has to react on all three main featuresdépicted wit h dashed lines in Figure
6).

CONSEQUENCES
FOR THE USER
Interaslingrnoss,
Comprehensibilily,
CHrussivenass, and
Relavance of
Presented Information

SYSTEM'S
BEHAVIOR

UTILITY FOR
USER

Presentation of
Information abaoul
Ihia Locations

CURRENT STATE LONG-TERM
FEATURES OF OF USER PROPERTIES OF
THE SITUATION THE USER
=1 CognitveLoad, [ User's persenal
sear's location Currenl Goal, Characleristics,
Emalional Arousal Kroveledge, Inberesls,
Moncognilive Abililies

READING FROM READING FROM USERS'S
GONTEXT PHYSOLOGICAL BEHAVIOR WITH
SENSORS SENSORS SYSTEM
GPS or similar Readings from Sensors

readings in Jewlary Browsing history

FIGURESG : CONTEXT, USER'S CURRIT STATE, USER'S BEAVIOR, AND LONGTERM PROPERTIES (B-
DRAWN FROM JAMESO(R001 , P. 32).

For Jameson the only feature of the siiion is the location. For Reichenbacher
(2009) location can be an index, a query parameter, an information attribute, a place,
a mobile activity, a link to the neighborhood, or a predictor for future locations.
Therefore location does not only contain an x, a y and maybe a z dimension, it can
mean much more.

A similar but more concrete model based on a mobile situation is presented lye-
chenbacher(2007). He categorizes relevanc@nto objective relevancend subjective
relevance The objective relevancés devided into the physical relevanceand the sys-
tem relevanceWhile the objective relevancés independent from the user, thesubjec-
tive relevanceshows a clear dependency onhe user. Physical relevanceyhich is
devided into a temporal and spatial component, and theystem relevancare part of
the objective relevanceOn the other is thesubjective relevancbased oncognitions,
activities etc.of a person.

14



geographic information objects

objective relevance subjective relevance

i physical relevance personal relevance

topic, semantics

: space o ! i | thematic relevance ;
i i : :
: 1 i .
! : ' i | state of knowledge, :
E spat.'a.' relevance E E cognitve information need E
5 Vs, : i | cognitive relevance |
i time = H : H
i st : - :
: + | activity :
i | temporal relevance | ! i | activity relevance ;
e e eeeeceeeceeeemaeeaen H i .

i task, problem i

H :
T e i | situational relevance | ;
i system relevance i : :
i E ' intents, goals
i | query : : o :
: o : | motivational .
i | algorithmic relevance | relevance :
......-...................-.-: ............................. 4

FIGURE7 : RELEVANCE TYPES FOROBILE CARTOGRAPHIBGPPLICATIONS(REICHENBACHER, 2007P. 5,
BASED ON SARACEVIC996).

Because individuals are so different, it is almost impossible to model single persons.
Defining user groups could be a reas@ble way to model thesubjective relevance.
Social parameters such as age, sex, culture, or interests could be used to define user
groups. But the most important factor for users of geoservices is their activith 9 | O
AOA x E A QDrdodct) 2085 p639.
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2.3.2 BEXISTING CALCULATIRINDELS

The basic conceptdor calculating relevance scoresire going to be introducedin this
subchapterfollowed by examples in which some of theseoncepts were realized

Keynotes

Reichenbacher(2007) proposed some general rules to assess relevancy. E.g. that

near, visible and audible objects are more relevant than invisible, inaudible objects
xEEAE AOA MEOOOEAO AxAU8 & O Onké&ddddor thefsuc@O A OA A
ful completion of an activitd h T lidkable @ uger$ prevalent knowledge, it ke-

comes more relevant, while contents with low information are less relevant. These
functions are not easy to formalizeSome approaches how the difficult calculation

problem could be fandled will now be presented (Reichenbacher, 2007)

9 Utility functions:  Utility functions are used in economics to eviaate the rd-
ative satisfaction of goods and services. This cogpt can be adapted to our
purpose. Everycontent or point of interestest(POl would get autility fun c-
tion, which dependson several different context variables.With a known
context it would be possible to organize information by their utility
(Reichenbacher, 200). A utility function based on different context variables
could look like the following (Bidgoli, 2004):

=e 8.0 = 0¥

The Utility U is depending on n factors xUi(x;) are the attributes andw; are
the their specific weights.

1 Information retrieval functions: In the field of information retrieval (IR)
the documents get raked by their similarity to the query, which represents

OEAO

OEA OOAOOGEO ET A& Oi AOET T1tof gioyrAmbicakiticd CAT COAPEE A

mation retrieval (GIR) could be measured by theOD CAT | AOOEA | AOAE
the query footprint and the document footprints(Jones & Purves, 2008)

1 Fuzzy set: The memberships are not allocated binary but with a certain d-
gree unlike in crisp set Normally therelative membership is defined in [0,1]
where 1 represents a full membership of the setBoth space and time can be
modeled with a fuzzy function(Burrough & McDonnell, 2005)

1 Observation -based approaches: The relevance of information with a ge-
graphical extert can be determined by the observation of the userandtheir
activities. To every specific activity suitable features can be determinednk
hancing this model into predicting the next activity of the user is the next d-
velopment step(Reichenbacher, 2007)

1 Geographical relevanc e assessment If an independency between the di-
ferent relevance dimensionscan be assumeda compound relevance factor
outmatches isolated relevance factors. In general the relevance function can
be written as (Jones, Alani& Tudhope, 2001)

16
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Wherer is the relevance for every relevance dimensiopand w is the weight
for these dimensions. A single relevance scorecan be modeled in differen
ways. The space can be modeld as a distance function €Reichenbacher,
2007).

EXAMPLES

GIR

In terms of geographic information retrieval (GIR) Andrade and Silv2006) pro-
pose a model, whictconsidersinclusion, proximityand siblingsinto the calculation of

a geographic similarity of a query. In this ternmsiblingsmeans their relatedness in the
ontology graph, whereasproximity means the inverse of distance. All three factors
are weighted similarly and summarized, what leads to a final value vith lies in
[0,1].

Also in the field of GIR Andogah and Boun{2008) proposed a combination of both
non-geographic relevance measure and geographic relevance measure. Spedal a
tention was paid to the scope, be it ma® or micro based. They also discussed the
possibilities of the combination of the geographic and nogeographic parts of rele
vance and proposed dinear interpolated combination,a weighted harmonic mean
combination and a extended harmonic mean combiniain. The best result were
achieved, when the geographic component was weighted low, compared to the non
geographic component.

As an addition to these factors Jones et #2001) calculated three different distance
meadurements, which can be seen as an analogue to the relevance concept. Tite a
thors calculated a Euclidian Distance Measure (ED), a Hierarchical Distance Measure
(HD), which measures the hierarchical distance of an object in terms of spatialgse
mentation of aregion, and the Thematic Distance (TD). Combining these threesdi
tance measurements the following formula for a normalized score was found:

"YE1Q= 100 100( 0, + (0; (0g00; + V-g0Q))

All distanceshave to beweighted with the weights w;, w, we and wy, and the sib-
script n&indicate that the values were normalized.
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Fuzzy ST

Schmidt and Gellerser(2001) argue that the context validity is dependent on space
and time. Ther principle of locality and temporality defines a context being limited
on a certain time and space situatiorin order to model time and space a fuzzy fun
tion is used in dependency on the spatial and temporal origin of the context. The
further away in time and spacean elementis from the origin of a context the smaller
the truth value of the membership to a set become8ecause their theory is based on
the fuzzy logic, thetruth value is not a binary score, but a score in [0,1]. iAelement
can therefore be part of more than oneontext. Other context factors beside distance
and time are not discussed.

FIGURES : FUZZY SET FOR TIMEMD SPACHKSCHMIDT & GELLERSEN001, P. 6.

OBSERVATIONBASED APPROACHES

An example of how tle movement and the efor e future positions can be predictedis
presented by Mountain and MacFarlanéMountain & MacFarlane, 2007) The lighter
the raster cellin Figure 9 is, the more likely the lo@tion is to be visted in the next 30
minutes. Therefore functions about the surrounding area can be enhanced. Other
variables such awisited placesand accessibility in a certain timénave also been aa-
lyzed by a questionary of thevisitors of the SNP.

18



FIGURE9 : LOCATIONS LIKELY T@E VISITED IN NEXT 8 MIN (MOUNTAIN & MACFARLANE, 2007, P. 10

Another example, which tries to predict the future location of a user is presented by
Brimicombe and Li(2006). They try to model a mobile spac¢ime envelope by the
current position, the direction of travel and the véocity. This relative simple model
of the user could supply the user with information about future locations.

direction
of travel

extension il

Envelope = core u ( extension n limit)

FIGURE10 : SPACETIME ENVELOPE OF ASEROF LBS(BRIMICOMBE & LI, 2006, P. 15

19



GEOGRAPHICAL RELEVAE@QSSESSMENT

In Reichenbacher(2004) the relevance values for spee, time and thematic were
calculated indivually. After that they were summed up to a total relevance factorhe
relevance for an objecOis a function of the distance fromOto the current location.

(O space) = f(Yspace)
Similarly the relevance isalso depending on the time
$O time) = f(Ytime)
and the distance betveen query and feature attribute
(O thematic) = f(Ythematic)

All three relevance scores can be somed up to the total score, while the weights are
depending on the context.

20



2.4 WEBPARK

The general aim for protected areas is to conserve the natural heritage and secondly
to support the leisure/tourism industry. An additional goal for a majority of the pro-
tected areas is the environmental education of its visitoréDias, 2004).

For this purpose the European Commissioninformation Society TechnologyIST)
enabled a program with the projectnumber IST-2000-31041 with the name Web-
Park project. It ran for three years from2001 to 2004. Its specific goals were to
OEAAT OEEZU OEA CAT COAPEEA EIT &£ Oi AGETT 1T AAAO
geographically relevant personalized locatichased services (LBS) and to createwn
Gcommerce valughains for recreation / protected area administrations and data
integratorso (WebPark, 2001, p.4. A new computational framework was created
including aspectslike the location, time, personal interests and activity of the visitors
in order to leverage the data resources with a contextualized access and presant
tion. Within the WebPark framework several LBS were developedhese services
can be built upon tailored collected data or other data such as environmental science
research data o other existing information (Dias, Beinat, Rhin, Haller, & Scholten,
2004).

FIGUREL1 : LOCATION OF THE SWIS NATIONAL PARK.

As study areas the project focused on two sites; The Swiss NationalrPand the
park in Texel (Holland). The Swiss National Park is located in the very soutastern
end of the canton of Grisongsee Figure 11). It was founded in 1914 and holds the
strictest category of protection from the Union fo Conservation of Nature and Nat-
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ral Resources. The landscape is dominatedy bmountains and it supports 3 main

types of habitat; high alpine, forest and alpine meadows, which leads to a wide \&i

ty of alpine flora and fauna. AAOI U p v nd n i & patkAve® yedr. TAE-OE O OF

fore strict regulations make sure that the disturbance of the animals and the plant

life is minimized. The WebPark project can also be seen as one part to ensure the

conservation of nature(Edwardes, 2007)

Four main areas sought to be innovated by the proje¢WebPark, 2001)

4EA OEOEOI 006 NOAOOEIT OEiI O A AA Al ©xAOAA xEAOA
vant.

9 The device should be available everywhere and anytime
1 The storage,handling, integration, and commodification of geographic ao
tent should be enhanced.
1 The device should be aware of the past requests of the users, the future space
AT A OEA OOAOO6 AAOEOEOEAOS
The results of the analysis of the user needs I§rug et al.(2003), e.g. the importance
of safety information and the location of animals and plants, leaded to the intesy
tion of the following services(Edwardes, 2007)

1 Mapping and Navigation z Topographic maps, as well as a route vertical
profile so that the users can locate themselves horizontally as well as vert
cally.
1 Geographic Bookmarking z Allows the user to annotate special situations,
locations. The resulting bookmarks could be used by the sausers, as well
as by other users.
9 Point of Interest Search Zz Interesting locations, e.g. locations that are near
AU OEA OOAO80O AOOOAT O bPI OEOETT AAT AA 111 EAA
9 Flora and Fauna Search z The users can access a variety of different info
mation on the flora and the fauna of the Swiss National Park.
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| 3 MODEL DEVELOPMENT

3.1 CONCEPTUAL MODEL

Derived from the context definition of Chen and Kot22000) a suitable context def
nition for our purpose can be formed. Therefore only &riables that can be measured
are declared as context.The only direct measurements, which can be seen as context
sensors after Jamesor{2001), are GPS coordinates, which are logged in the We
Parks\P system. After Dransd (2005) not every user by itself, butuser groups are
modeled. Inspired by Sarjakoski and Nivala(2005) the categorization of context a-
riables is visible in the following figure:

Location
Meso: Trail
Mikro: In- / Outside Picnic Areas

L

Surroundings

Topography: Aspect, Slope
Vegetation: Forste.
Weather: Temperature

,..'Eb

Time

Absolute: Daytime
Relative: Time on trail
Usergroup

Represents a fuzzy product of
motivation and purpose of use

=

FIGURE12 : CATEGORISATION OF QO'EXT VARIABLES.

Location in our serse is determined asa pair of coordinates. Therefore location has
to be understood as a position on a&pecific trail or near a specific picnic area. But
every location hasalsoits surroudings.

4EA DOAOAT OAA

i AAI

OOAOAO @edudspatierhsAdOET 1

TRAILS
ET

cation has several different scales. Compared to other situations, be it the internet,
which gathers information from all over the planet, the dimension of theSNPis
small. Therefore the trails cannot be regarded as macrospace, but more as aeso

space.

4EA AOAEI AAT A AAOA AT AOT 60 AT T OAEIT

USER GROUPS

&1 U AEOA

tics. There is no informationabout age, sex or preferencesf users. Log files contain

AL N £~
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possibility to derive user groups would be to analyze the querying behavior and
search for patterns. But the main gal of this thesis is to model this veryequest be-
havior. Dias et al(2008) presented in their work techniques that allow comparisors

of different tracks with the analysis of the user8speed on given tracks. One dhe
goals of that study was to describe aggregated patterns of group behavior. They used
linear referencing and aggregation as main methods. Linear referencing was used to
associate every GPS point with a single track. Due to aggregatof points, the track
was divided into five meter segments. If it took longer than fifteen seconds to pass
through a segment, it was considered as a stop or slowdown. This method could be
adapted and applied to suit the purpose of defining user groups through their wial
ing speed in the SNP.However, in order to reduce the complexity and calculation
effort, only the duration of stay at the picnic areas is going to be analyzed.

NEARPICNICAREAS
The results of the user groupsmight be influenced by other factors such as whettre
the hikers are resting or hiking.Dransch (2005) stated that the most important fac-
tor is the activity. Therefore it can be derived that the information need changes
when the activity changes from hiking to resting.
But some assumptions have to be madeebause in theSNPIt is not allowed to rest
outside marked picnic areas It can be assumed thathe hikers do mostly respect
these rules and only rest inside the picnic areasret, sme hikers might rest on other
places, but thiscannot be taken into account due theyreat effort that would have to
be made to process such a behavior. Therefore the hikers are regarded in a resting
state while they are inside the defined picnic areasvhich are alsoused to classify
the users.

TIME VARIABLES
In previous studies it could be shown that time has an influence on the rentinge
guency as well as the usage of a devideisenhut et al.(2008) declared that thelong-
er hiker is already on itsway, the less information is requested According to the
findings of Eisenhut et al. (2008) it can be assumed that the relative time and abs
lute time have an influence on the requesting patterns.

TOPOGRAPHY
Eisenhut et al.(2008) showed that there is a general differencén the quantity of
information a user needs in different slopes and also in different aspextThey
showed that information requests at southern expositiors are more frequent than
on northern expositions. Also the users are less interested in the WebParkservice
in moderate slopes, while they use it more often in steep slope ore nearly flat areas.
From these observations it can be derived that the aspect and slope might also have
an influence on therequesting pattern.
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VEGETATION
Eisenhut et al. (2008) present a short study on how the vegetation cover influences
the request behavior of hikes in the SNR. Therefore the vegetation might also have
an influence on the requesting patterns.

WEATHER
Temperature is seen as an important context factor. It can be seen as part of the
physical surrounding (Nivala & Sarjakoski, 2003a) It is imaginable that the tempea-
ture has an influence on the handling of mobile device3he usaility for instance
might decrease in a very cold surrounding. Also high temperatures and light refle
tions might have an effect on the use of the device. Another factor, which might i
£l OAT AA OEA OOAOS8O AAEAOET Oh ée mighttbe DPOAAEDI
less requests, and the requests might be more related to find the next shelter.

3.1.1 COMPARISON OBATEGORIATIONS

If we look at Table 2 severd parallels betweenthe categorization ofdifferent models
can be found, everthough a distinct allocation of a certain variable in one model to a
context variable in another model is not always possible.

TABLE 2 : PARALLELS BETWEEN TH DIFFERENTCONTEXT CATEGORIZATNS.

Context variables Classes in Reichen- | Classes in Sarjakoski | Classes in Hirakawa
bacher (2007) & Nivala (2005) & Hewagamage
(2001)
1 Trails 9 Objective relevance | { Location 1 Location
(OR) / space
1 User classes 1 Kind of subjective 1 Kind of purpose of I Contextual factors
relevance use
9 Picnic Areas 1 OR / space 9 Location 9 Location / Activities
1 Relative Time 1 OR /time 9 Time T Time
9 Absolute Time
1 Slope 1 OR / space 1 Physical surrourd- 9 Location
1 Aspect ings
1 Vegetation 1 OR / space 1 Physical surrourd- 9 Contextual factors
ings
1 Weather 1 OR / pace 1 Physical surrourd- 9 Contextual factors
ings

For the conceptual model eme assumptions have to be madd@he model of Jameson
(2001) includes the current state of the usethe OU OO A1 8 GandAthemtifitfari O
the user.No data is available for these three parts of the model. Therefore the model
must beadapted andsimplified.
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FIGURE13 : SIMPLIFACTION OF !

- %3 /(203 MODEL

The utility of a single request is for all users constanbecausemeasuring a single
content is not possible However, if the relative distribution of the points in a certain
context is regarded, it can be said that if information is moreften requested, it was
also moreuseful. In our model the features of theOE OOAOET 1T AOA AAZET AA AU
location and time for a certain request. The location has certain environment speeif
cations which can be derived from other data sets. Similar to tHeng-term proper-
ties of a usetthe users can be categorized intaiser groups. Key factor for this cag-
gorization is the behavior at the picnic areas, namely the duration of stayhe impact

or the consequences for the user can be measured in terms of the distribution as
well as the quantity of requested information in ceriin contextual conditions Be-
cause no data is available on thgystem behavioand the utility for the userthey have

to be assumed to be constant, even though not all requested content is equally eitil
for the user and the system architecture has an impaon the request behavior Now
that we havea concept of which context variablesare going to betaken into account
and how they generally areconsideredto interact with the users, a calculation model

I £ ET x OEA AT1T OA@0O OAOEédsthéhAviorcdnbemtvéohédAA OEA OOAO

3.2 CALCULATION MODEL

The calculation model is split into two values. The first value expressdnow much
information should be provided; the second expresses what kind of information
should be provided.Both will be discussedindividually. The finally provided infor-
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mation emanates from the combination of how much information in general ise-
quired, and the relative distribution of the differentrequested information.

FIGURE14 : GENERAL IDEA OF COMBATION OF FACTORS.

The gereral concept treats the total relevance as a combination of several factors.
Both continous (context factorcx in Figure 14) as well as step functions (context
factor cy) are applicable. Every step can folinstance represent a class of manifeat

tions of a certain context factor. The combinatiorof the context factorsis a simple
multiplication. Therefore, a number of n context factorsin an n-dimensional field

define how relevant certain information is. Thecontext can be seen as a manifest
tion of a utlity function or a geographical relevance assessmeHbw the calculation

was realized will be discussed in the following.

FORMULA
First, the set of different contents hato be defined as:

6 = {61,658 ,6;)

where Cis the total set of contents, and n is the number of different contents. After
that, a set of differentcontext factors and situations have to be defined. The context
factors shall be

0={@,Q,8 ,Q}

Fis the set of all context factors F.. Every context factorFy,shall havek characteris-
tics.
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If a categorization of a context factor is not possible and the context factor can be
seen as a continous function, then the contous function can eighter be modeled by
an interpolation of a categorization or the number ofk characteristics can be s-
sumed to be infinite.

With these three definitions it should be possible to model the context and also the
relevance of particular infamation. The relative importance a relevance of infa-
mation can be expressed with an index:

QRELOGEGDR, Y,
QRELOGEGR, . Y o

This index indicates how importantcertain content is compared to a standard ao-
tent. The standardcontent Gyq is just the total content Cdivided by the number of
different contents n.

The intrinsic relevance of information can be assumed to be just one context factor
Fn. Therefore it can be formed as the following

lYgf]os — lYQ']égZé
Y,  Ys

The intrinsic relevance scoreReQnt is, as every other relevance scoref a different

context variableh A AZET AA A A6 erdeitd be mbleAd speaktbBamiri n-
sic value of an information item the number of requests has tobe great enough If
this is the casethe trends of the different cortext instancescancel each other out.
Now, as the intrinsic value of content is defined, the value of such information in
certain contexts can be modeledFor a contex factor Fy with k characteristics, the
relevance of the contentG, in a situation k can be defined as a fraction of the impe
tance under the given characteristics of the factor compared to a hormal condition

2 YapR =

vy s @ S © B
@ @ naé _ Yﬂ]éé 2 Y
3 YQ%)é T Rim o v @ 0

The total relevance of a specific contenG, under the condition k can becalculated
through the multiplication of all relative relevance scores of all relevance factors.
A special case is the intrinsic relevance, because only one conditionkdé possible,
and 'Yy is equaI'Ym;Q’ﬂ and 'Y, is 'Y?C.The characteristick of each relevance factor

F can change. All combinations of characteristics are possible.
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Therelevance of inbrmation Gcan be compared with the relevance of informatiol@
and set into a relation. Therefore all contenCcan be ranked. After this ranking it can
be stated whether the information or contentGis more or less relevant than the
content G. But inorder to get the relevant amount of information another factors has
to be calculated; the quantityQ.

A simple example will illustrate the relevance of information under certain ciruns-
tances in order to make theapproachmore comprehensible.

Two different contents G, and G have been requested a total of 2000 times. Thmon-
tent G has been requested 1200 times, whil&s has been requested 800 timesltf
both contentshad an equal intrinsic relevanceand because the number of different
contents nis 2, they would be requested 1000 timeseach Therefore the intrinsic
relevance ofGis 1.2 and the intrinsic relevance ofGis 0.8 derived from formula 2.
Under normal conditions 1200 of 2000 or 60% of the requests ar€;8. But under the
condition m; only 210 of 500 or 42% are G8.@ our example'ya,?*is 210, vai,? ®is
500, Y, is 1200 and 'Yy is 2000. According to formula 3, theindex for the given
circumstances istherefore:

o th@“ Y 21022000 _
LYy, 'Yﬂifz 12002500

The three other indexes are calculated similarly.
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The intrinsic relevance has to bemultiplied with the indexes from the cellsin order
to calculate the toal relevance of the content§ and G under the different cond-
tions myand my. The intrinsic value of Giis 1.2 and bigger than the intrinsic value of
G, which is 0.8. But under thecondition m; the total relevance ofGbecomes bigger.
With the values 1.16for G and 0.84for G it can be seen that the relation between
the two contents hasbeen reversed compared to the total distribution On the other
hand the relation under the corition m; has becomeamore distinct.

The average requested quantity of information cate assumed aghe total requests

TABLE 3 : SIMPLE CROSSTAB WH TWO CONTEXT CHARBTERISTICS AR TWO DIFFERENT

INFORMATION PIECES.

ms m; Total

Content G Count 990 210 1200
Expected 900 300
| Index 1.10 0.7

Content G Count 510 290 800
Expected 600 200
| Index 0.85 1.45

Total Count 1500 500 2000

per total time:

The amount of information for a specific context facto can be calculatedanalog to
the calculation of the relevance of information. But the quantity is a description for
the total content Cand not only a specificpart of it. For a single factorFnx E O E
characteristic k the relative quantity ratio can be expressed with:

Vg, ? e

An alternative to the total time could be the dimension of space, if aleive time
could not be derivad. The problem with the space dimension is, that it must besa
sumed that the movement through space is homogenous, which is in reality clearly

not the case.

The quotient which includes all context variables and their characteristican be
expressedthrough a product of the average quantityQ..gand all elements ofF.
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Each characteristick(a) of one context factoracan be combined with every chare-
teristic k(b) of the context factorb. It is therefore possible that the value changes
with the context factor G.
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| 4 METHODS

4.1 PREPROCESSING

4.1.1 PREPROCESSINGHAIN

/ Action logs
ya

YA

yi

L

L
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A 4

Read in

4

/ Tracking logs

L

/ All actions

EXCEL

> merge <

& |
z 1
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v
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v

/ All trackings /

'

ArcGIS

/ All logs /
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filter corrupted entries

v
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deleting doubled entries

v

/ filtered dataset /

FIGURE15 : PREFROCESSING@HAIN.
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The general prerocessing workflow is illustrated in Figure 15. There are seeral
different processingsteps that need to be realized in order to be able to calculate the
characteristics of the context variablesThesepreprocessing stepswill be explained
and discussed in the folloving sections.

4.1.2 AVAILABLE RAW DATA

The main data sourcds the WebPark logfiles from 2007. Every day and deviceha-
sits own log files and theuser actions and the tracking data arestored seperagly.

These actionsare stored similarly to a webbrowser history. Every page orinform a-
tion pieceis stored in ascending order in a log fileand a newlog file is created every
time the device was shut dowror crashed. There are a great number oflog files be-
cause the deviceshut down or crashal many times. Therefore all files need to be
merged first, which can be accomplished with any text editoriMerging all files of
each device leads t@4 files: one action fle and one tracking fle for every device Al

these files contain information with the following structure (Figure 16):

DATE;TIME;LONGITUDE;LATITUDE;ALTITUDE;ACCURACY;ACTION;ID

270707;101111.45;808374.94;170330.73;1897.0;22.0;/W ebPark/ge
tTuto?h=f2147483604

270707;101127.49;808971.75;169854.17;1844.0;9.0;/WebPark/get
ButtonPage?PAGE_ID=MainPage

270707;101143.48;808971.75;169854.17;1844.0;6.9;/WebPark/get
ButtonPage?PAGE_ID=Bookmarks

270707;101143.48;808971.75;169854.17;1844.0;6.9;/W ebPark/sea
rchBookmarks

FIGURE16 : EXAMPLE OF A STRUCTRE OF A LOG FILE.

Every line contains oneentry and thevariables are separatechy a semicolon.Due to
this structure, the data could & imported to Microsoft Excel and storel as a dBase
file which can either be readby SPSS or even by ArcGlBhe dBase format was la
ways used when the data needed to be transferred from one program to the other.
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4.1.3 READINGN THEDATA

The first line in a file wasinterpreted as the variable nams during the import of the
files toEXCELAIl other variables except the variableO A A Ovtefelinferpreted as
numeric value. After this first step, a new variable calledd A A Ovitad\ dkelated, and
every devicereceived its ID ranging from one to twelve.The device identifications
were necessary in order to be able toeparatethe different users in a later process.
Almost all variables exceptthe O A A Ovéarlabledwere interpreted as numeric value.
Different solutions were found for the variablesO O E &ndl the O A A. i/oder to
DOl OEAA OEIi PI A AOEOEI AGEA AOTiMOEHI1TGROGE AOTOAOEAA
T 0 0dn®6 O A A ltdlfidallycalculate a single valued O E | A Q Atiich indicates
the time of day in seconds4 E A Ovladifiekpieted as acalendar date clasin the
dBase format.

In order to merge the trackingfile and the action file together, in the action file, a
new variable calledO A A Ovita$ draated, and the values for all entries ere set to
O 0 0O A A E Béthfiledsweré @erged toone file, to provide an easy transfer to other
programs such as SPSS and ArcGIS.

4.1.4 HLTERINGHEDATA

So far,the raw log files were justimported and converted to a common formatin
order to allow further processing and analysis, the dathad to bebe filtered in sev-
eral different steps.

HLTERINGCORRUPTEBNTRIES
Some of the entries were corrupted. This means crucial entries such as the date,
time, longitude, latitude or the action werenull or unreadable. The cause for this
corruption is not known. It is possible that the device was shut down or crashed du
ing the reading process or the GPS coordinates could not be determined. Since only a
few cases were corruptthere was no huge impacton the data set.The corrupted
entries were removed, asthey could not be used in theanalysis anyway.

SPATIALFLTERING
4EA AAOAOAO xEOE 1 OAO piota AreGiSnWith thOfEArO x A0 ET BI C
Of AEA 89 AinAnsidhleds Anttidszdieved an x and a y coordinatelt was
possible to apply a python scriptto set a unique user identification(Code 1) With
so-called cursorsit is possible to access and to iteratthrough a set of rows in a table.
With the update cursorit is possible to modify a row, which will beneededlater. It is
alsopossible to sort the entries in ascending order. TheJpdateCorsergust needed to
be extended with an additional variable (Tucker, 2004).

34



import sys, 0s, string, arcgisscripting
gp = arcgisscripting.create()

USERID =0
TEMPDATE =0
TEMPDEVIDE=0
curs = gp.UpdateCursor("$path \\ $hile”, "™, "™, "™, "DATE A;
DEVICE A")
cur = curs.Next()
while cur:
if (cur.DATE == TEMPDATE) and (cur.DEVICE == TEMPD E-
VICE):
cur.USRID = USERID
curs.UpdateRow(cur)
else:

TEMPDATE = cur.DATE
TEMPDEVICE = cur.DE VICE
USERID = USERID +1
cur.USRID = USERID
curs.UpdateRow(cur)

cur = curs.Next()

CODEL1 : ITERATING THROUGH AL ENTRIES, IN ORDERO SET UNIQUE USEPENTIFICATIONS.

The results of theiteration were 485 unique users of the VébPark device of 2007.
Theseusers and poirts hadto be filtered in order to fulfill several criteria.

Users need to hike on specific trails : This study confines itself to analyze the four
most frequently used trails according toEisenhut et al. (2008). ferefore, only hik-
ers using those four trails will be considered. The entries of the other hikers and
trails were removed.

Only distinct trails are considered : Evenif a userwas hiking on one of the four
specific trails it is possible that higher entries are invalid, because in some cases
certain segments ofdifferent trails are congruent. E.g. if someone hilseon the trail
Fuorcla Val dal Botsch hdshe usually alsohikes on the trail Margunet, which is one
of the conddered trails. But the entries of ths hiker are not comparable to the ones
from the users on the trail Margunet, because the trails have, besides the segments
that they share, different characteristics like the average time for cmpleting the
tour. The aim is toderive a data set thatonly contains entries from hikerswho only
walk on the four most frequent used trails Margunet, Chamanna Cluozza, Ner and
Val Trupchun.

No data from the arrival: Looking at the data from the filtered users, there are still
a lot of points that are notwanted 8 - 1T OO0 1T £ OEA EEEAOO OAOGO
centre in Zernez ordo not turn it off in the bus. These points are umanted, because
they may distort the findings from the trail Chamanna Cluozza. These pointalso
must be removed.
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After filtering the data set with the explained methods, 201 unique users with over
g T 6 BRJoints remained. But the dataset had still not thedesired quality due to a
data storage error.

DELETING DOUBLED ENERR
For an unknown reason, there are some entrieg/hich have the exact same values,
whether coordinates and time or theO A A O &lletriedare the same and can lead
to misinterpretations. The dublicated entries have to be removedy using the fd-
lowing python script (Code 2) This script sorts all variables in ascending orderand
then determines whether the next ertry has the exact same entries irthe crucial
variables. If thisis the case the rowis removed; if not, new temporary valuesare set.

import sys, 0s, string, arcgisscripting

gp = arcgisscripting.crea te()

rows = gp.UpdateCursor("$path \\ $hile”, ™, "™, "™, "USRID A;
TIMESECOND A; LAT ITUDE A; LON GITUDE A; ACTION A"
row = rows.Next()

tempid =0
temptime =0
templon =0
templat =0
tempqgry ="
while row:
if (tempid == row.USRID) and
(temptime == row .TIMESECOND and
(templat == row.LATITUDE) and
(templon == row.LONGITUDE) and
(tempgry == row.Action)
rows.DeleteRow(row)
row = rows.Next()
else:

tempid = row.USRID

temptime = row. TIMESECOND
templat = row.LATINT

templon = row.LONINT
tempgry = row.QRY_REGROU
row = rows.Next()

CODE2 : PYTHON CODE T®REMOVE DUBLICATEIENTRIES.

This method eliminates AAT OO0 pndnnn Adrigraly Add Adi DPOEROOS8
About half of the remaining points are tracking logs ath half of them are requested

information by the users. Deleting the dublicated points is a crucial actionin the

preprocessing chain, because some entries have been stored more thame thou-

sand times, what can lead to misinterpretation andbias of the staistical analysis.
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4.2 GROUPINGNFORMATION

4.2.1 DISTINGUISHABLE INRDR ION

4EA 11T ¢ £EI AOGh AT A OEAOAEI OA Al 01 OEA OAOEA
tain the file path, which is sometimes crypticAn example is providedin the box be-
low (Figure 17):

| WebPark/getMaplFoi?id=bookmark -
15210 1185542529181&TS=1185543416937

/WebPark/getNativeContent?id=/DE/by/by_de/butterfly start.ht
mé&mimetype=text/html+topMe

/WebPark/getNativeContent?id=/DE/bird_de/3_small.htm&mimetyp
e=text/html+topMenu

FIGUREL7 : EXAMPLE OF FILE PATS IN THE LOG FILES.

If these file paths are assigned unambiguously to groups that are kept as small as
possible, 39 groups of information can be identifiedNine of these groups, e.g. taking
pictures or information on the Qprivacy policyd, have less than 100 entries, while bt

er pieces ofinformation like returning to the Gnain pageéhave more than 4000 a-
tries. The Qoute information@, the @et around function and the OFOI ligd are also
very popular. Some of the enties like the (attery low statusy or gettingO i I @A 6
formation about any kind of thematic, can be defined as junk, @ET OAOT ATl 1T AOECA
meaning that these clicks are not directly relatedto information or content, but are
used togain access tahose. Leaving thesejunk/internal navigation functions aside,
the remaining groups need to be reclassified in order to get enough entries in every
class.Examples are several diffeent entries onO AT T E | whichEw@ré reclassified

to OAT 1 E iltAs@lIEodp&sible to merge groups in case the topics of the entries are
very similar or answer the same purpose.
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4.2.2 REGROUPINGNFORMATION

Almost 23,000 action entries remain after the truncation of the data.They can be
grouped into six main groups of information(Figure 18). The most frequenly asked

information is information about the surrounding area(O) 1 /EI

| vihichchnfbé q

accessed through theO CA O  Af@nttiénrl oA d@ny kind of FOI/IFOI functions. The
second most asked group of information is informatioron the trail. This group ca-
tains information on the route itself, aboutits vertical profile and virtual trail s. The
OEEOA COIAGH OErduf)@kidh cabtains information about animals and
plants etc.In the fourth group every kind of aid for oiientation like Ox EA QA orA i
any kind of map are aggregatedThe remaining requests of information are agge-
gated to the group about information on the device, like tutorials and key appke
tions, and special furtions, which contains any bookmark or sarch function.

Info Around Content
FOI List Bear
Get Around Bird
Info on FOI Butterfly
Map (FOI) Grasshopper
Plant
WVegetation
Info on Trail News
Route Info 2 <
Vertical Profile Sceclalibuncion
Virtual Trails
Search
Bookmark
Orientation
Info on Device
Map Page
Where am | Tutorial
Map Overlay Key Application

FIGURE18 : GROUPS OF INFORMA®DN AND THEIR SUBGROPS.
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4.3 TRAILS

The request points can easily be allo¢ad to one of the three trails die to the distinct
spatial differentiation of the trails (Figure 19).

Chamanna Margunet

Cluozza
& Murter

. Val Trupchun

FIGURE1L9 : SPATIAL DIFFERENTATION OF THE TRAILS.

4.4 USER GROUPS

MODEL DEFINITION
The duration of stay at a single picnic area needs to be categorizi#dt . A first group
can be defined as those who dnot have a single log entry near a picnic aredhese
users either do not hike in this area or they have the device turned ofivhen they
pass by a picnic areaAll other user groupshave valid points inside the picnic areas.
Derived from the idea ofDias et & (2008), a differentiation between those users
who traverse the picnic area without slowing down and those who stay for a certain
time at the areacan be made Further differentiation of those who staymight be
possiblelater. These thoughts lead to théllowing model (Figure 20):
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slowdown

- no data
no

- stop

-

duration of stay

FIGURE20 : ILLUSTRATION ORUSER GROUPAT A SINGLE PICNICREA.THE DURATION OF STADEFINES
IN WHICH CATEGORY THY FALL.

What is consideredasa stop and what is considered as no slowdown has tehead
from data, becaus®© EA O OA 06 Onotbd &aniclpdidd.0 AAT

After grouping the users at every picnic area, the problem becomes multidimensio

al for grouping them over all picnic areas. IN is the number of classes at a single
picnic area andk is the number of regarded picnic areas, the number of classes in a
k-dimensional perspective becomed\k. This number canbe reduced, ifthe behavior

in a specific picnic area is not important and all picnic areas are rated the samkhis
theoretical quantity of classes can be reclassified with the knowledge of the practical
appearanceof classes. Maybe some abstract behavior is not observed in the data.
Another factor that needs to be onsidered is the number of users in every class.
Every class needs to conia a sufficient number of usersit would not make sense to
specify the behavior only by a hand full of users.

SELECTION OF PICNREAS
Several factors influence the selection ofhie picnic areasunder study. The possible
resting places need to be official onedecause only in these areas hikers are allowed
to rest. It is not allowed to rest somewhere else it can be assumed that someéis
do it anyway. But these restannot be included due to their heterogeneity. For the
official picnic areas other factors have to be consideredecause not all ginic areas
might be valid candidates|f the picnic area is not visitedoften, not many users were
classifiedasO1 | Alds§) ivtiichdoes not make much sense. A bias is produced if
not all picnic areas are taken into the analysis. But this bias is probably not very
strong, because most of the hikers probably use one of the most popular picnic areas.
A third and last factorthat influences the selection of the analyzegdicnic areas is the
comparability of the different trails. As emphasized in the last section, the users will
be aggreyated to user groupsin a multidimensional space of the time of durationin
every picnic area. If a consitent comparison wants to be achievedthe the same
guantity of picnic areas needs to be consideredor every trail.
For Margunet five or six picnic areas could be chosen. Whereas the picnic area near
the street at the bottom left of Figure 21 on page42 shows only a surprisindy low

40


http://dict.leo.org/ende?lp=ende&p=thMx..&search=appearance

point density the three picnic areas on the right (east) show a higpoint density.

From these three the middle one shows the lowest point density. But they are all
vaidAAT AEAAOAO O1T EIT OA O OEE rertehingpiedic aie&iktheO 6 O
middle is not a valid candidate, because the point density is too low.

The trails Chamanna Cluozza & Murter hae four possible picnic area candidates.
The one rightmostin Figure 21 does not suite our purpose, becausthe point density
compared to the other three is too low.The peak near Zernez is alsan invalid can-
didate, because it is not a real picnic area. When the users receive the mobile device
AO OEA OEOEOI 060 AAT OOA ET : AOT AuUn OEAU
because they want to try it out, which would explain the high point density in Zernez.
Only three picnic areas are possiblen the trail Val Trupchun Two of these pénic
areas show a high point density, whereas the last one shows a low point density
compared to the other two.In order to provide all three trails with three picnic areas

all three picnic areas will be selectedhowever:

A total of nine picnic areas willbe further processed.In order to do so, the locations

of the picnic areas have first been shifted and then the dimension of the picnic area
has to be determined.
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SETTING THEENERSOF THE PICNIC AREAS
What seems striking inFigure 22 is the factthat the resting areas are not locatedt
the very centre of the point density. Small displacements can be explainéy the
geometry or dimensionality of the resting areas. The data set contains only points.
But the resting areas must be considered as fuzzy areas, which are not necessarily
round or homogenous. E.g. the view from one particulaide could be much better
than on the other side of the picnic area. This would lead to a&terogeneoususage of
the picnic area.
Major shifts can only be explained by errors in the data. Ruedi Halfeirom the SNP
ensured upon inquiry that there are some errors in the data. The very first stop on
the trail Chamanna Cluozza isat even an official picnic areaBut because of the vey
nice view that this spot has it is tolerated to rest there. Therefore a new dataset has
to be created, where the picnic areas are located at tloenters of the point density.
In Figure 22 the original points are illustrated in white , whereas the newpoints are
the black dots.Circles with distances 5, 50, 75, and 100 meters are drawnraund
these black dotsin order to visualize the offsets.

1 E-mail of March 13th 2009.
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FIGURE22 : NEW POINTS (BLACK D®S), AND OLD POINTSWHITE DOTS). CIRCLE WITH 25-100M DI S-
TANCE TO VISUALISEHE SHIFTS.

The shift of the data is smaliin most instances Buton the trail Chamanna Cluozza &
Murter, the shift is larger than 200 meters, which can be explained by the error in
the dataset.What can also be seen ithat the shapes of the point densities indcate
that areas around the picnic areas are not usethomogeneously E.g. the third picnic
area on the trail Margunet has a stronglanisotropic shape.

DIMENSION OF A PICNAREA
So far the picnc areas were defined as points with no dimensiorin order to relate
the picnic areas to the GPS points and also to allocate those points to the picnic
areas, some kind of distance is needed. It has already been mentioned that the shape
of the picnic areascannot be assumed to be round, because of the heterogemsuse
of the space around the centre of highest density. The points could be selected-m
nually, but then the calculation process would be hard to reproduc&ut the model
has to be simplified in oder to provide comparability between the trails. Therefore a
circle around the centre of highest density is assumed to be the border of the picnic
area and the radius of the circle has to be determined empirically.
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Computationally this means the distanceo the centre points has to be determined
usingthe near function of ArcGISThe radius can be determined empirically by lok-
ing at the frequencies in dependency on the distance to the center of highest density
(Figure 23). It seems that in most of the cases the activity decreases withdreasing
distance, and after 50 meters the activity reaches a level of low activity. Even though
there are some differencesetween picnic areas one value for all nine pioic areas
must be set forbetter comparability. Fifty meters seems to be a reasonable value for
our purpose, so all points inside of a fifty meter buffer will be congiered as points
inside a picnic area.
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CoDE
After setting the distance and determiningwhat spatial dimension the picnic areas
have, dl variables are setfor the calculation of the duration of stay The basic furc-
tion or the pseudo code to process the duration of stay is very simple and only needs
a definition of some basic functions as minimm and maximum functions(Code 3)

For every user
getMinTimeAtArea
getMaxTimeAtArea
calcDuration

ApplyDuratio  nToUserld

CODE3 : PSEUDOCODE TO PROCES$HE DURATION OF SAY FOR A CERTAIN U$E

Each day and device has its own user identification (userid), whiahneansthat a user
can utilize the mobile device only for one day. On thesecond day every user would
get a new useridand is therefore considered as a new usefetting theseids can be
realized with a while statement in python(Code 4)

gp = arcgisscripting.create()

users = gp.UpdateCursor("$path \'\ $shapefile ",
oo "USRID AY)

TemplD=0

user = users .Next()

while user:

if user.USRID == TEMPID:
user = users.Next()

else:
TEMPID = user.USRID
User = users.Next ()

CODHE4 : SIMPLE ITERATION THROUGH THE USER IDENFICATIONS WITH ARCGS AND PYTHON.

The UpdateCursorcan be sorted by a certain variable. It is possible to exploit this
function to easily get the maximum or minimum from a certain group. If just the first
value of a sorted variable is read out the maximum or minimum, depenag on
whether the cases are sorted in ascending or descending order, can be read out in a
simple way (Code 5)
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rmax = gp.UpdateCursor( "$path \\ $shapefile”,
"USRID =" + st((MOMUSERID)+

"TIMESECOND D")

rmma = rmax.Next()
| ocalmax = rmma.TIMESECOND

CODES : DEFINITION OF THE MAXIMUM. (CODE BASED B ARCGIS 9.2 DESKTORELP).

Constraints can be defined for everypdateCursorfunction. In the example ofCode5
the constraints arethat only one useridor user is regarded at the same time and the
distance to the set centre of the picnic aredVT1lis smaller than 50 meters. The time
(here timesecond is sorted in descending order QO E | A O A Avhidh Aeafisih@t
the first line contains the maximum value for this variable. This variable then can be
written out in a variable localmax. A similar function can be defined forthe mini-
mum (localmin). The only difference would be to sort the variables in ascending-o
derOOEI AOAAT T A 16Q

The next step in our pseudo code is to calculate the duration of stay. This can easily
be achieved by subtradhg the localmin from the localmax.In order to apply the du-
ration of stay to every pointthe following code has to be appliedCode 6}

inserts = gp-UpdateCursor("$path \'\ $shapefile”,
"USRID =" +str(MOMUSERID),
Illl, Illl, IIUSRID All)

insert = inserts.Next()

while insert:
insert.dtVT1 = duration
inserts.UpdateRow(insert)
insert = inserts.Next()

CODES6 : APPLYING THE VALUESO ALL THE POINTS.

Similar to the other steps anUpdateCursorcan be exploited to apply the calculated
values to all the points with similarUSRID For this purpose the same constraint agii
the previous code has to be ¢enamely theUSRIDmust be the sameas in the itera-
tion step. Then the value of the duration must be set for the variable (here called
dtVT1) and the rowhas to beupdated.

Merging all these code parts together, the following codealculates the duration of
stay for every user for a singlgicnic area(Code 7)
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gp = arcgisscripting.create()
MOMUSERID =0
#For every user

bounderies = gp.UpdateCursor("$path \'\ $shapefile ", "distance
<= 50", ", ", "USRID A")
boundery = bounderies.Next()
while boundery:
#If usrid already applied, line can be skipped.

if boundery.USRID == MOMUSERID:
boundery = bounderies.Next()
else:
MOMUSERID = boundery.USRID

#Calculating local maximum

rmax = gp.-UpdateCursor("$path \'\ $shapefile”,
"USRID = " +str(MOMUSERID)+" and distance <=
50", IIII, IIII, IITIMESECOND D Il)

rmma = rmax.Next()
localmax = rmma. TIMESECOND

#Calculating local minimum

rmin = gp-UpdateCursor("$path \'\ $shapefile”,
"USRID =" +str(MOMUSERID)+" and distance <=50",

"o "TIMESECOND A™)

rmmi = rmin.Next()

localmin = rmmi. TIMESECOND

#Calculating duration of stay
duration = localmax T localmin

#Applying values

inserts = gp.UpdateCursor("$path \'\ $shapefile”,
"USRID =" +strf(MOMUSERID), ™, ", "USRID A")

insert = inserts.Next()

while insert:

insert.dtMu2_50 = duration
inserts.UpdateRow(inse rt)
insert = inserts.Next()

boundery = bounderies.Next()

CODE/ : ENTIRE CODE TO CALQATE THE DURATION ORBTAY



Hikers who pass the same place twicstill posea problem. E.qg. it is possible thike
on the trail Margunet towards the north, restat a picnic area andreturn the same
way and passby other picnic areas twice. Because this behavior is too compléx
correct it with a script, has to be corrected manually.

4.4.1 USER CLASSIFICATION

ONEDIMENSIONAL CLASSIRTION
The group with no points can be classified distinctly This meanghat either the hik-
ers did not pass a certain picnic area or did not have the device turned on. In both
cases the values for the duration of stay is 0, and it is not possible to distinguisb-b
tween the two possible behaviors. This means both possible behaviors are labeled
with the same group identification.
The next step is to determine the duration of a passing event. The questi®) how
long is the maximum durationsuch thatit is not considered as groper stay, but as a
pass throughevent? Twoperspectives areconsideredin order to answer this ques-
tion: first the deductive perspective. This meandt has to be determined deductively
how long a normal hiker takes to pass a distance of about 100 metersicluding e.g. a
short stop to watch the panorama and even query somaformation on the device.
Assuming as a rough estimation that a hiker walkst a speed ofroughly 3 km/h,
which is an estimated speed averageagiven in Robin (2009), he/she would need only
about two minutes towalk these 100 meters.If there is some interesting information
for the specific user, héshe could spend some minutes standing still and watching
the environment. Five minutes can therefore beconsidered a reasonableestimate.
The second perspective that needs to be considered is certainly the data perspective.
How long did the users rest at a certain place? Is it possible to distinguish between
the two suggested groups™ Figure 24 we can see the distribution of the frequency
for one picnic areasplit up for the three trails. In all three cases a peak can be seen in
the first few minutes. After thatthe frequency decreases to a level and is more or less
constant for the rest of the time The rest of the distribution does not follow a clear
pattern and is therefore not interpretable.
A result from the data perspective isthat the frequencies on two of the three trails
decreasesignificantly after around five minutes. These5 minutes can be interpreted
as a pass through event, if it is assumed that on average the hikers do not stop at one
of the three possible picnic areas, bubnly pass through.
The frequencieson all three trails level off after about 70 minutes. If the long stop-
pers are assumed to be some kind of outlier it can be argued that after that time the
stop can be regarded as a long stop. In between 5 and 70 minutes some peaks are
visible. After 12.5 minutes at Chamanna Cluozza & Murter an increasing frequerisy
noticeable. On the other trails this differentiation is not possible. And due to thé-|
mited number of users, this local minimum cannot be associated with another user

group.
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FIGURE24 : HISTOGRAMS OF THE DRATION OF STAY A EVERY TRAIL. ONLENTRIES THAT ARE BIGER
THAN ZERO ARE ACCOUMD FOR A BETTER ILUSTRATION.

These observations of the class limits lead to a classification into four classes with
the following frequencies(Table 4).

TABLE4 : USER CLASSIFICATIOMWITH RESPECT TO DURANO OF STAYWITH FREUENCIES. EMEY USER
HAS THREE ENTRIE®ASHIS / HER BEHAVIOR § LOGGEDN THREE PICNIC AREAS.

Class limits Class name Frequency Percentage
0 No data / no show 331 55%

1-300 sec. Pass through 99 16%
301-4200sec Normal stop 149 25%
> 4200 sec Long stop 24 4%

In 55% of the cases, no data is available at the picnic areakhis means that with
three possible stops per trail a hiker on average at least passes through one and a
half picnic areas, oron average has no data at 1.68f 3 resting places, and hiker on
average uses about 30% of the selected picnic for longer than 5 minutes. But only 4
% of the users have entries at a picnic area, which can be considered as a long stop.
The average time ata resting place is12.5 minutes, which would be classified as a
Olrii AT Orhd sderage time at a resting place is about 28 minutes,dnly the

Al AOOAO ODPAOO OOT OCESGh d&d thexeforkionlygeis®ieh AT A O 11 C

entries at the picnic aeasare considered.
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THREEDIMENSIONAL CLASSIRTION
A general problem is thatpresumably there are some cases in which a hiker stops at
a picnic area but his device is not turned on. This has to be considered and addiff
rentiation has to be made, wheth® OEAOA EO OI 1 A ET & &1 AGET 1
vior or not. Another general premise for the classification is that the classification
has to be very coarse. At Val Trupchun there are only 49 valid entries of hikers,
which means that if the users would be lassified into four classes with equal sizes,
there would only be 12 entries per class, which is not enough foa statistically firm
analysis Under these conditions there are several differenbptions to classify the
users over all three picnic areas wittlthe classification of the users in one dimesion.
One possibility could be to calculate an average duration of stay over the three picnic
areas which can be classified similarly as in the one dimensional classificatidthow-
ever, this classification methodmight cause the problemthat an average of three low
values,which all fall into the class of passing througlcan have the same average as a
hiker with one stop and two zeroes. The behavior of thewo hikers is clearly not the
same. One is paéng through every picnic area, the other one selesia specific picnic
area to relax at a picnic area. This approach is therefore not suitable for our purpose.
An alternative would be to just classify the longest duration of stay. But this would
have a similar disadvantage, namely that a hikemwho stops at two or three stops is
classified just like a hiker that only stops at a single picnic area. Because of the-di
advantages of these two classification approaches a decision tree based dffasation
will be applied.
If a hiker has no logging data at any picnic area fshe can clearlybe assigned toa
no stopcategory. 35 of 201 users fall into this category, which means that about one
fifth of the users daesnot have any data at the selected picnic areas. If thereseme
information available the user clearly falls into another class. 38 of all usergust
march through one or multiple picnic areas. To provide a coarse classification it does
not matter whether the hiker marches through one or multiple picnic areas. Oth-
wise the number of users per group would be too small. 38 usersorrespond to
about 19 percent of all users.
Classifying the remaining 128 usersvho stop at least at one picnic area is ndtivial .
There are 16 possibilities based on the four classes one dimension. Almost half of
the remaining 128, namely 60 usersstop at a single resting place and do not have
data on the other resting places. 25lso stop at a single picnic area, but havepass-
ing through signature at the other picnic areas. To prade a coarse classifiation,
these two groups can beonsideredas one, because the users from both groups stop
only at one picnic area. The remaining 43 users shoawery different behavior. Some
of them stop at one single picnic area for a very long timé®thers rest at more than
one picnic area They areassigned toone single group that can be labeleds long
stoppers.
The suggested classification is not far away from the one dimensional classification.
The two classifications differ mainly whenhikers stop shortly at more than one pc-
nic area. Then they are shifted up to thivsng stopperscategory.
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As already mentioned a hiker can pasgrough a picnic area twice. This means our
values need to be corrected. Some seamexpectedhigh. For example one usr has
aresting time of almost four hours at the first picnic area at the trail Margunet. Such
high values need to be checked angbssibly the class affiliation needs to be adapted
manually. The final classes with the corrected frequencies are shown ingHollowing
table:

TABLES5 : SUGGESTED CLASSIFITWN FOR ALL THREE ENIC AREAS.

Class name Frequency | Percentage
No data / no show 35 18%
Pass through 38 19%
Normal stoppers 85 42%
Long stoppers 43 21%

At the trail Val Trupchun only one user with theuser identification 233 had to be
moved from thelong stopperto the pass throughclass. One user withuser identifica-
tion 57 had to be moved from theong stopperto the normal stopperclass and one
user with user identification 121 had to be moved from the long stopperclass to the
pass throughclass at Margunet. There were two caseshgre some miscalculations
took place but did not affect the classification. Both usenemained in the long stq-
per classafter the correction. Nonoticable cases were found on the trails Chamanna
Cluozza & Murter. ltcannot be ruled out that some casewere missed. But in general
the classification seems stable and only a small percentagé users needed to be
corrected manually,asonly a few hikerscame back to garticular picnic place.

4.5 PICNICAREAS

The picnic areas have already been defined in chaptdr4. All points within a dis-
tance of 50 meters around the center of highegtoint density are seen asnsidethe
picnic areas.Therefore no further processing is necessary.
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4.6 TIMEVARIABLES

A relative time, namely the duration of stay at the pichic areasyas already intro-
duced in chapter 4.4. The calculation of the relative time for the totaltime as the
trails does, in principle, not differ from calculating relative times at the picnic areas.
The code 7 has to be adjusted by removiripe constraint of the distances to the pi-

nic areas. All values for a user have to be included. Additionallhe values of the

i Agei 6i AT A OEA 1 ETEIOI OEIA T &£ AOGAGU OOAOS
er values, such as the relative time since the start, can be calculated by subtracting
the absolute minimum from the curent time. Also the relative time with respect to
the duration of the total journey has to be stored. This can be achieved by dividing
the relative time since the startby the total time of the journey, which leads to vaies
from Oto 1.

4.7 TOPOGRAPHY

All request points should feature the topogaphic values of the nearest point on the
trail. The GPSinaccuracy andalso the users breaing the rules of the SNPby not
walking on the trails leadon averageto a displacement of several meters. The age
racy of the data can be assumed to be aboutl® m, which will be discussed inchap-
ter 6. A 25 meterdigital elevationmodel (DEM) provided from SwissTopo was used
as elevation model, even though a model of 4 metewas availablefor the SNP The
elevation model with a lower resolution was selected due to three argments: First,
the lower resolution provides the whole area, while in the high resolution model
some small pats on the trail Val Trupchun are missing. Secondhe estimated GPS
error is about 5-10 meters, whichis upto two times more than the resolution of the
high resolution DEM, which would not make much senseThird, it can be assumed
that changes in small areas do not matter foaspectand slope,becausethe general
trend is much more impatant.

Next,the chosenDEMneededto be processed in several steps as shown Figure 25
to gain the slope and aspect values on the trail¥he first step is to convert the poy-
lines of the trails to raster format with the same parameters as the DENkell size,
grid spacing)in order to get the values on the trail, and not the general steepness of
the flank ofthe hill. All cells containing trail points are set to 1, the remaining cells to
0. After that, both raster files can easily be multipliedn order to obtain the height
values only on the trails, which then can be used to lcalate slope and aspect.
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ALGORITHMS
The following definitions are based on Zhou andiu (2008). The drops in E-W and
N-S direction are crucial br the aspect and the slope.

Y= (3 Cixs m
o rane o N o N
0=180° wouE — + 90° —/—

n J1I8

Sis the slope Athe aspectp the gradient in W-E direction, andq the gradient in N-S

direction.
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To improve the simpicity of the function, the following window is defined for every
centre cell Z.

A D F
B Z G
C E H

The difference between all surrounling cells and the centre cell wilbe calculated
with:

OF Qw

i stands for A, B,C, D, E, 6,0or H in this equaion. But all corner cells A, C, F, and H
have to be normdized by W ¢because ofthe additional diagonal distance to the ce-
tre cell. The calculation therefore is a combination of the thirebrder finite difference
weighted by the reciprocal of square distance (Horn, 1981) and the finite difference
weighted by the reciprocal of distance(Unwin, 1981). In our calculation, both a-
pects, the additional distance of a corner cell, as well as the equal weligg of every
surrounding cell, are included. The formulas foip and q are therefore:

1 1

- Lo e o L oo e 008 O
o= fz B+ 22+ B 7 QO+ 2200+ QO
o (X B+ 2200+ TO = W+ 2200+ QO
N~ 502

In these equationsg is the grid spacing and either 1 or 2, depending on the missing
values. The defalt value is 2. All dstances of the corner cells areiglided by the fac-
O1 O Thécghallenge is to be able to deal with missing values, because the Dl
tains rasterized pollines with a lot of missing valuesin a 3x3 window. E.g.if no vd-
ues are avaidble in W-E direction, only the NS direction is takeninto accountfor the
cdculation. If alsodEis missing, only the left part of the equation i€onsideredand i
is set to 1.

No special script is neededor the calculation of aspect because ArcGIS ®handles
missing values by replacing them with the value of the centre cell. Therefqrthe
steepest drop is calculated correctly. The slope script can be seen in the annex.
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In order to obtain the slope and aspect values for all GPS points another techué

needs to be applied. All raster points of the trails witltheir slope and aspect values

were converted to points with the raster to point function of ArcGIS.The areas, in

which the corresponding point on the trail is the nearesbne, were createdwith the
ArcGISfunction create Thiessengygons Finally, the aspect and slope values could

be added to the GPS points with the functio® O B A O Ewith theoptiniOE O; x EQEET 6 8

4.8 VEGETATION

A vegetation layer with several different vegetation classes is pvided by the SNRP
The dataset was collected during the HABITALP campaighotz, 2006). In order to
get those attributes on the GPS points the layer was spatially joineéd the point da-
taset. Because the HABITALRyer does onl cover 22036 of the 22986 points, 950
points were left aside and the neutral relevance of 1 was set aslefault.

4.9 WEATHER

The source forour weather data is MeteoSwiss. Theprovide the University of Zu-
rich with a JAVA application called Climap 7.0. i this application it was possible
to extract the temperature and precipitation from the weather station Buffalora,
which is located on theOfenpass.
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FIGURE26 : SCREENSHOT OF THE [MAP 7.0 APPLICATION

The variables in thetext file from the Climap application are tab separated and can
therefore beimported by EXCEL or SPSS.

stn time tre200h0 rre150h0

969 200706010000 5.4 0.0

FIGURE27 : EXAMPLE OF A STRUCTRE OFTHE WEATHER FILE.

After reading the datain, the temperature and precpitation information could be
joined on the time information of the requests.The dataset contains only hourly &
erages. But they were joined at the GPS points which had a temporal resolution of
seconds. This problem was solved by just keemg the coarsetemporal resolution of
the weather data and joining them at the corresponding hours of the GPS points.
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| 5 RESULTS

5.1 INTRINSIGELEVANCE

The intrinsic relevance of an information piece was introduced in chapte?.3.2 It is
calculated by dividing the counted requests of rainformation (sub)group by the
standard request, which is the total numberdivided by the number of (sub)groups
or just the average (sub)group size.

TABLE 6 : FREQUENCIES OF THEEHRUESTED INFORMATION

Frequency Intrinsic relevance
Info around 9115 2.38
Info on trail 5433 1.42
Content 3426 0.90
Orientation 2669 0.70
Special function 1338 0.35
Info on device 1005 0.26
Average group size 3831 1.00

Information about the surrounding area is the mostfrequently requested informa-

tion. Information on the trail is also more important than the average. All the other

requested information groups areless important than the average.

The distribution of the information subgroups can be seen iffable 7. The most fe-

quently requested information subgroups are theO 01T OOA ET Al andthe®d OEA &/ ) 1 E
OCAO AunttiGn] wheéreas information onOCOA OOE| PP and héthi AAAA OO
overl A furiction were requested the least. Seven information subgroups werees

guested above average and fouteen subgroups were requested belowaverage,

which means that some informationsubgroups aremuch morefrequently requested

than the average while a bt of information subgroups arenot requested very often.

If the intrinsic relevance of each information subgroupis plotted in descending o-

der, they form aninverse function on their rank. The distribution can be modeled

with the function 3.358*exp(rank*-0.141) and has and Rof 0.98, which is very high.
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TABLE 7 : INTRINSIC RELEVANES OF SUBGROUPS.

Frequency Intrinsic relevance
Route Info 3646 3.33
FOI List 3354 3.06
Get Around 3296 3.01
Info on FOI 1877 1.71
Map Page 1645 15
Vertical Profile 1511 1.38
Vegetation 1245 1.14
Average group size 1095 1.00
Bookmarks 878 0.8
Where am | 802 0.73
Key Applications 659 0.6
Map(FOl) 588 0.54
Bird 538 0.49
Plant 481 0.44
Butterfly 464 0.42
Search 460 0.42
Tutorial 346 0.32
News 334 0.31
Virtual Trails 276 0.25
Map Overlay 222 0.2
Bear 196 0.18
Grasshopper 168 0.15
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5.2 TRAILS

5.2.1 HOW MUCH INFORMATIOWAS REQUESTED

The first statement that can be derived fromTable 8, is that there seem to be diffe-
ences in the average request rate per trail. This means that the hikers on the trail
Margunet on average request about 40 percent more information than hikers on the
trail Val Trupchun. But the standard deviationis high on all three trails. Therefore
this connection must be tested first with the Levene teqi_evene, 1960)on the ho-
mogeneity of variances and afterwards with arother test on the average vle, for
instance$ O1 A AT {DGncad,Ag58) Homogeneity can therefore be assumedvith

a level of signficance of 0.05But it must be assumed that the average values do not
differ from each other and the quantity of informdion that is needed on every trail
must be assumed to be equal.

TABLE 8 : QUERIES PER USER OHE THREE USER GROWPQRY/USRROUNDEDTO INTEGERS, THE NR-
MALIZED VALUES ARE BUNDEDTO TWO DECIMAL PLACES.

Users Queries QRY /USR Norm, Stdev.
Cha. Cluozza & Mu. 92 10550 115 1.03 91
Margunet 64 7949 128 1.15 93
Val Trupchun 45 4497 92 0.82 72
Total 201 22986 112 1 88

5.2.2 WHAT KIND OF INFORM®N WAS REQUESTED

In all six information groups, significant differences which are indicatedby a stan-
dardized residual that is greater than2 or smaller than-2, can be observed Table 9).
On the trail ChamannaCluozza& Murter less information about the surrounding
area is requested than on the trail Margunet. On thetleer hand, much more informa-
tion about the trail is asked on Chamanna Cluozza & MurtéFhe biggest difference
between two trails can be found in the information clasgdrientationd On Chamanna
Cluozza & Murteralmost twice as nmuch @ontentwas requested as on the trail Val
Trupchun. But far more information that is for orientation purpose is requested on
the trail Val Trupchun, meaningthat map and other orientation functions are used
much more. Special functions and information on the device were the st re-
guested on the trail Val TrupchunThe standardized residuals are greater than In
almost every cell but in the cellOET Al T dnd OB § EOMEédail Margunet.
This indicates that the observed values differ from the expected values.

With the Che test and alevel of significanceof 0.05it can be determined that the
mobile information need is depending on the trails.Also with a Cht test on thein-
formation groups, it can be tested whether the subgroups within the information
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groups differ from each other. In all six cases an independency cannot be assumed
and therefore the subgroups must also be analyzed.

TABLE9 : CROSSTABULATIONDF THE INFORMATION BOUPSAGAINSTTHE TRAILS.

Ch. Clu. & | Margunet | Val Trup- Total
Murter chun
Info Count 3228 3887 2000 9115
around
Expected 4173.6 3152.1 1783.3
Rel. Score 0.77 1.23 1.12
Info on Count 2944 1409 1080 5433
trail
Expected 2491.2 1878.8 1062.9
Rel. Score 1.18 0.75 1.02
Content Count 1857 1134 435 3426
Expected 1571.0 1184.8 670.3
Rel. Score 1.18 0.96 0.65
Orientation Count 1350 676 643 2669
Expected 12238 9230 522.2
Rel. Score 1.10 0.73 1.23
Special func- Count 635 515 188 1338
tion
Expected 613.5 462.7 261.8
Rel. Score 1.04 1.11 0.72
Info on device  Count 526 328 151 1005
Expected 460.8 3475 196.6
Rel. Score 1.14 0.94 0.77
Total Count 10540 7949 4497 22986
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DIFFERENCES IN THEDGRAINFO AROUN®
The general trendof the information group points towards a higher relevanceof
OET &I Oi A O ®Bi the Margunditiaih &nd a lower relevance on the trails Gh
manna Cluozza & Murter(Table 10). Almost all absolute values of the standardized
residuals are greater than two, which indicates that there is significant and also
strong dependency between the subgroups in the information clas® ET £ A OT O1 A6
and the trails themselves All four subgroups hae avalue >1 on the trail Margunet,
while all values are comparatively small on the trails Chamanna Clure & Murter.
In detail, as illustrated in Table 10, there is a substantial difference with regards to
the FOI list. This list was, in relation to thetrails Chamanna Cluozza & Murterre-
guested more than twice as muclon the trail Val Trupchun.
This can be explained by the usemeed to locate the FOI, because they might not be
as obviousas on the other trails. Another possibility is the additional orientation
purpose of the map, which corresponds to the genelly higher need of oientation
information on that specific trail. If the O &/ ) andEh®@OG A O AndnttiGhi aked
combined, because they have a similar purpose, the index for both trails, Val Pru
chun and Margunet would even out on a level of about 1.2The general diffeence
between these two trails origirates therefore in the function OET &£  Twhich OOAET 6 h
was requested more on the trail Margunet.
A possible interpretation can be the distribution of FOI in the area. Because there
might be more of them on the trail Magunet, they might be requested more. Anbt
er factor could be the visibility of these features near the trail.
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TABLE 10 : CROSSTABULATIONF THE SUBGROUPS OMHE INFORMATION GROB ONFO AROUND
AGAINSTTHE TRAILS.

Ch. Clu. & [ Margunet | Val Trup- Total
Murte r chun
FOI List Count 1051 1297 1006 3354
Expected 1537.94 1159.88 656.18
Rel. Score 0.68 1.12 1.53
Get Around Count 1231 1492 573 3296
Expected 1511.35 1139.82 644.83
Rel. Score 0.81 1.31 0.89
Info on FOI Count 725 782 370 1877
Expected 860.68 649.10 367.22
| Rel. Score | 0.84 1.20 1.01
Map (FOI) Count 221 221 221 588
Expected 269.62 203.34 115.04
| Rel. Score | .82 1.09 1.92
Total Count 3228 3887 2000 9115

DIFFERENCES IN THEDGRA NFO ONTRAILE
Genenrlly the OET £l O A O Esimiore importadt@d thd trils Chamanna Clup
za & Murter than on the other two trails(Table 11). This trend is visible in both sib-
groups OOT O O And 8D AD O E A Avhile Ofun@ibd AGB O AT folowsfaE 1 O 6
different trend. But only one standardized residual for theO OE O O O Asihigf@ O AET O
than 2. Therefore it can be assumethat they are requested more on the trail Ma
gunet, while they were requestedconstantly on the other two trails. A possible n-
terpretation of the distribution of the O O A O O E A Aiight I Ghe gRécifidivertical
profiles of the trails. Val Trupchun has a very homogenous profile, whichises to-
wards the south-east, while the vertical profile for the trail Margunet is also clearly
defined, because 75% of the trail is oriented towardshe south and 20% is oriented
towards west. Because the geometric shape of the trail is basically a circle and the
distribution of the aspectis mainly towards north, the result isa positive gradient
towards north and a negative gradient towards south. The distribution of the aspect
as well as the vertical profile on the trails Chamanna Cluozza & Murter are more
complicated, and therefore information to predict the hike suchasth® 0T O OA OAOOEA
D O /Ashriord tmportant. The influence of aspect will be further discussed in chm
ter 5.6. Aplausible interpretation for the distr ibution for the information subgroups
00T OO ANdE ® =D 6 O Aduld dhA Bund 6
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TABLE 11 : CROSSTABULATIONF THE SUBGROUPS OHE INFORMATION GROB ONFO ON TRAII6

AGAINSTTHE TRAILS.

Ch. Clu. & | Margunet | Val Trup- Total
Murter chun
Route info Count 1877 974 795 3646
Expected 1671.84 1260.86 713.31
Rel. Score 1.12 0.77 1.11
Vertical pr o- Count 959 308 244 1511
file
Expected 692.85 522.53 295.61
Rel. Score 1.38 0.59 0.83
Virtual trails Count 108 127 41 276
Expected 126.56 95.45 54.00
| Rel. Score 0.85 1.33 0.76
Total Count 2944 1409 1080 5433

DIFFERENCES IN THEDGRAO ONTENE
The trend is that hikers on the trail Val Trupchun showa lower interest in the cate-
gory OAT 1 @hAn ti@id equivalents on the other trails. Looking atTable 12 it be-
comes d¢ear that there is indeed a trend bhat is visible in almost every information
subgroup but the OT A ardldhe O A A Aategory. TheO1 A xcdbejory shows a
equal relevance on all three trails, while the® A A da@sdis the only class thashows
the least mportance on the trail Margunet.In all other classes the lowest relevance
values were achieved on the trail Val TrupchurThose five classes can qualitatively
be aggregated to two virtual groups: static and moving objects. Thestatic objects
such as plans and vegetation show smaller differences between the trails, but the
generd trend is still visible, whereas the moving group with butterflies, grasshp-
pers and birds, whichare also small animals, show huge differences comparing the
trail s Val Trupchun and Chamanna Cluozza & Murter. On the trail Val Trupchun-i
formation on butterflies and grasshoppers vas requested 5 times lessfrequently
than on the trail Chamanna Cluozza & Murter, and information on birds wase+
guested over twice as many timesWhat hasbeen stated qualitatively can also be
observed with the standardized residuals. A striking observation is that only the
moving animals havelarge standardized residuals on the trail Margunet. All other
values seem not taliffer from the average.
Becauseanimals havewidespread habitats, a possible interpretation approach co-
cerns the spatial appearance of the flora and faun®argunet for instance is known
for its birds (bearded vulture). But interestingly, these virddrequests were the most
requested on Chamanna Cluozza & MurterOn the other hand this very trail is
known for mixed forests (Robin, 2009), which might manifestthemselvesalso in the
requests. But other factors certainly also play a role. For instance the expestt vd-

64



ues are relatively small and therefore the scores might be random to a certaired

gree, because also the number of usersequesting such information is relatively

small. Also, the interesting information on the trails might already be implemented

inF/ ) 80h xEEAE AOA OANOAOOER £E1 ASE®M, thed &1 O AO
differences in flora and fauna can only partly explain the distribution.

TABLE 12 : CROSSTABULATIONF THE SUBGROUPS OHE INFORMATION GROB GCONTENDAGAINST
THE TRAILS.

Ch. Clu. & | Margunet Val Tru p- Total
Murter chun
Bear Count 105 56 35 196
Expected 89.87 67.78 38.35
Rel. Score 1.17 0.83 0.91
Bird Count 287 203 48 538
Expected 246.69 186.05 105.25
Rel. Score 1.16 1.09 0.46
Butterf ly Count 320 117 27 464
Expected 212.76 160.46 90.78
Rel. Score 1.50 0.73 0.30
Grasshopper Count 118 40 10 168
Expected 77.03 58.10 32.87
Rel. Score 1.53 0.69 0.30
Plant Count 246 173 62 481
Expected 220.56 166.34 94.10
Rel. Score 1.12 1.04 0.66
Vegetation Count 622 436 187 1245
Expected 570.88 430.54 243.57
Rel. Score 1.09 1.01 0.77
News Count 159 109 66 334
Expected 153.15 115.50 65.34
Rel. Score 1.04 0.94 1.01
Total Count 1857 1134 435 3426
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DIFFERENCES TNE GROUR& IRIENTATION
Generally more information is needed orO1 O E AT dd Aé&tall VabTrupchun. In
Table 13 it can be seen that this trend is only visible in the subgroupi AD T OAOI AU6 8
But the magnitude of the differenceo the awerage is that bigthat it is also visible in
the superior group O1 OE AT Thé Gifiet tivadsBbgroups have a similar distrifi-
tion. The absolute values of the standardized residuals are greater than two al-
most every cell The only exception ighe O x E A O Afunétibn ol the trail Val Trup-
chun, which can be assumed tbe equally relevant as on average.
Because the trails are geometrically very differentyariations in terms of OT O& AT O
O E cdn @ccur. The trail Val Trupchun isranched and itmight therefore be more
important to know where to go to. On the other hand the trail Margunet has a round
geometric shape but not many crossroads. Thereforerientation might be less diff-
cult.

TABLE 13 : CROSSTABULATIONDF THESUBGROUPS OF THE INFRMATION GROURDRIENTATIOND
AGAINSTTHE TRAILS.

Ch. Clu. & | Margunet | Val Trup- Total

Murter chun
Map Page Count 843 436 366 1645
Expected 754.30 568.87 321.83
Rel. Score 1.12 0.77 1.14
Where am |? Count 452 198 152 802

Expeded 367.75 277.35 156.90

Rel. Score 1.23 0.71 0.97

Map Overlay Count 55 42 125 222
Expected 101.80 76.77 43.43
Rel. Score 0.54 0.55 2.88

Total Count 1350 676 643 2669
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DIFFERENCES IN THEDGROSPECIAIFUNCTION
The special function has o distinct trend and the standardized residuals are comg-
ratively small (Table 14). It hastwo subgroups, the O O A Adbd BadOAT T EI AOE S
function. On the trail Chamanna Cluozza & Murter both functions were requested
just on average, where on the other two trails some differences occurred. It is pdss
ble to read out ofTable 14 that the users on both trails showed complementaryri-
the trail Val Trupchun, theO AT | E ifuAcfidfi dvas more popular on the trailMar-
gunet.
assumed that it has been requested equally on all three trails. TiiBookmaD Efdnc-
tion has standardized residuals which are greater than two. Therefore the differen
es between the trails Margunet and Val Trupchun can be seen as statisticdliyn. A
possible interpretation approach could be that on the trail Val Trupchun the e-
quested information is only interesting in one location on the trail. Then the A k- |
i A Ofiriction would be less interesting, because nsecond request of the same
information would be necessary. But this interpretation approach must be seen as
just an idea because it isather far-fetched.

TABLE 14 : CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB GSPECIAL FUNCTIO®
AGAINSTTHE TRAILS.

Ch. Clu. & | Margunet | Val Trup- Total
Murter chun
Search Count 223 148 89 460
Expected 210.92 159.07 89.99
Rel. Score 1.04 0.83 1.21
Bookmarks Count 412 367 99 878
Expected 402.60 303.62 171.77
Rel. Score 1.01 1.26 0.52
Total Count 635 515 188 1338
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DIFFERENCES IN THEDGRA NFO ONDEVICE
In general, the information group OE 1T /&1 1 i§ dis&iBut@d Ve imilarly over
the three different trails (Table 15). Looking deeper into the subgroups, there is no
major difference to the general trend.The biggest difference isobservable in the
subgroup O O O O bf@ EviAidh €he users on the trail Chamanna Cluozza & Murter
showed the highest interests, wtlile on the trail Margunet the function seems less
interesting. Tutorials might be functions that are depending on the user specific
needs The samecan be stated for theOE AU A b D iif thefgfodpOIET @0 ©1 AOGET T 11
AAOBRD®D A A E AlareAeQdrddel brie big group of functions that do not
only provide content information but some kind of interaction,a general trend D-
wards a lower relevarce on the trail Val Trupchun can be found.

TABLE 15 : CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB GONFO ON DEVICE
AGAINSTTHE TRAILS.

Ch. Clu. & | Margunet | Val Trup- Total
Murter chun
Tutorial Count 195 91 60 346
Expected 158.65 119.65 67.69
Rel. Score 1.23 0.76 0.89
Key Applic a- Count 331 237 91 659
tions
Expected 302.18 227.89 128.93
| Rel. Score 1.10 1.04 0.71
Total Count 526 328 151 1005
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5.3 USER GROUPS

5.3.1 How MUCHINFORMATIONS NEEDED

The first question isnot what the usersneed, but how much informationthe users
need. This can be simply answered bfocusingon the frequencies of the queriesThe
variances of the different users can later be tested, whether the variances are equal
and whether the groups @e varying in order to approve the aggregation of theisers

to different user classes.

TABLE 16 : QUERIES PER USER GHE FOURUSER GROUR QRY/USR ROUNDEDOO INTEGERS, THE NR-
MALISED VALUES ARE®UNDEDTO TWO DECIMAL PLACES.

Users Queries QRY /USR | Normalized | Stdev.

No data / 35 2489 71 0.62 58
no show
Pass 38 3562 94 0.82 77
through
Normal

85 10142 119 1.04 89
stopper
Long 43 6810 158 1.39 94
stopper
Total 201 23003 114 1 38

Table 16 shows the distibution of the frequencies. On average aser requests 112

pieces ofinformation . The hikers who have no logs at the picnic areas only request

60 percent of the average user. Alsahe hikers who only pass through the picnic

areas request less tharaverage, while normal stoppers request only slightly more

information than the average. But what strikesas important is that the long stoppers

really have agreater information need. They need 36 percent more information than

the average and more than220 percent more information than hikers who do not

have information at the picnic areasThe standard deviation is in all casesompara-

tively large compared to the average query per useBut the LeverA &edt of homo-

geneity shows with a significance of 0.066 thatvith a level of significance of 0.05 the

null hypothesis cannot berejected and it has to be assumed that the variances of the

four different groups are equal. But theanalysis of variancd ANOVA) of Kruskal

Wallis shows ahigh level of significance Therefore, it can be assumed that theiser

groups do not have the same needsoncerning the amount of information theyre-

quest. With regards to the test of Duncan, it could be shown thatth®1 T T ¢ OOI PBDA O
are not in the same group as the rest. On the otherhd the class 0ODA OO OEOT OCE
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and theOT T O1 Al o thé ®DADD 6 GuEdAHe O T E 6 AldsOdbdd be g-
gregated, because they do not differ atlavel of significanceof 0.05.

5.3.2 WHAT INFORMATION IENDER

In Table17 all observed and expectedialues for theinformation groups and the user
groups are presentedAs a first observation it can be stated that there are differen
es and dependencies in all six groups of informatioriespecially striking are the high
differences in the group OO b A A E A 1 and&ERel IokvGiEpkeridéncies in the group
OET Al 1 WhildtAe@ODMRAE A1 weelubed QUEh [esréquently by the
non stopping users, theOET &£l 1 i$ almbgt difriBuded homogenously over all
four user groups.

Information about the surrounding area is much more requested by users that stop
at picnic areas. On the other handnformation on the trailg, be it the vertical profile
or just general information, is more important for the non stopping hikers. Regai-
ing the regular @ontent this differentiation between stopping and non stopping
hikers cannotbe made. Normal stoppers and the hiker&ho do not have information
at the picnic area seem to have lower interest in static content as the other groups.
The long stoppers are less interested in information or(@rientA O E, iwheéeas the
other groups especially the pass through grouphas a high interest in such inforna-
tion. These observations can be substantiated with the standardized residuals. In the
group OEH 1T 1 theA@itedbArély reach a level where a dependency on the
user groups can be assumed. The highest value is reached in the information group
OET Al \Where thenA data élass has a value of 6.9.

In general there is in fact a differencédetween the groups thatcan even be proven
with statistical tests like the Chi test on crosstabs.

Summing up the observationshikers who do stop at picnic areas are less interested
in information on the trail, but show a higher interest in information an the su-
rounding area.Information on the surrounding areais therefore more important if a
hiker stops,what corresponds to the assumption that hikers who ardocusingon the
trail and may hike uninterruptedly notice the environment less than a slow hike
that interrupts his/her trail several times. This also corresponds with the very low
interest in the special function of the device. The long stoppers on the other hand
have more time to get deeper information on several different things. Thereforani
formation that helps them orientate becomes less important.

If the subgroups are tested with the Chi test of Pearson it appears that the du
groups of the groupOET Al | &re with & sighificance of 0.553independent
concerning the user groups. Therefore, this particular group does not have to be
analyzed further.
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TABLE 17 : CROSSTABULATIONDF THE INFORMATION EOUPSAGAINSTTHE USER GROURS

No data Pass Normal Long Total
through stopper stopper

Info Count 920 1140 4258 2797 9115
around

Expected 980.3 1412.5 4021.8 2700.5

Rel. Score 0.94 0.81 1.06 1.04
Info on Count 751 990 2226 1466 5433
trail

Expected 584.3 841.9 2397.2 1609.6

Rel. Score 1.29 1.18 0.93 0.91
Content Count 324 653 1308 1141 3426

Expected 368.4 530.9 1511.6 1015.0

Rel. Score 0.88 1.23 0.87 1.12
Orientation Count 287 465 1259 658 2669

Expected 287.0 413.6 1177.6 790.7

Rel. Score 1.00 1.16 1.07 0.83
Special Count 83 130 700 425 1338
function

Expected 143.9 207.3 590.4 396.4

Rel. Score 0.58 0.63 1.19 1.07
Info on d e- Count 107 184 391 323 1005
vice

Expected 108.1 155.7 443 .4 297.7

Rel. Score 0.99 1.18 0.88 1.08
Total Count 2472 3562 10142 6810 22986

DIFFERENCES IN THEDGRA NFO AROUND
The overall trend in the irfformation group OE T /&l  doésitavards @ higher e-
levance for stopping hikers than for norstopping hikers.Looking atthe scoresof the
subgroupsin Table 18 two valuesare paticularly striking. First,the groups of hikers
who only pass through the picnic areas do have a low interest i@Ol listh On the
other hand it seems that thegroup of hikers with no data at the picnic areas haa
high interest in this particular information. Comparing the counts in thissubgroup
with the subgroupO C A O AdxcbniplerAedtary distribution is observablet could
be argued that because thesubgroups have similar functions only the aggregated
group should beanalyzed. Afteraggregatingthe scores as well as the standardized
residuals shiink and it can be stated that only the user grouppass throughand nor-
mal stophave remaining trends. While thepass throughgroup shows a lower inte-
est in these functions on the surrounding area, it is more relevant for theormal

stoppinggroup.
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The independency of the groupOE T &I  énQtie @derigiops could not bere-
jected, because in the other two group®©O E T /£l dnd O -8NP 6 tiée /standad
dized residuals are small and it seemshat there is no dependency on the user
groups.

A possible expanation can be that hikers wio are stopping at the restingplaces gen-
erally walk a little more slowly and pay more attention to what is around them. But
the trends are comparatively small with respect to the similarities of the function
OET A @00 &I A ahdErOsbrie cases the dependency on the user groups
cannot always be assumetb be clearly determined.

TABLE 18 : CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB ONFO AROUND
AGAINSTTHE USER GROURS

No data Pass Normal Long Total
through | stopper | stopper
FOI list Count 456 272 1403 1223 3354

Expected | 360.70 519.70 | 1479.90 | 993.70

| Rel.score | 1.26 0.52 0.95 1.23
Get Around ~ Count 213 542 1709 832 3296

Expected | 354.50 510.80 | 1454.30 | 976.50

Rel. Sore 0.60 1.06 1.18 0.85
Info on FOI  Count 201 249 891 536 1877

Expected | 201.90 290.90 828.20 556.10

| Rel.score | 1.00 0.86 1.08 0.96
Map(FOl) ~ Count 50 77 255 206 588

Expected 63.20 91.10 259.40 174.20

| Rel.score | 0.79 0.85 0.98 1.18
Total Count | 2472 | 3562 | 10142 | 6810 | 22986

DIFFERENCES IN THEDGRA NFO ONTRAILE
In generalthe OET &£l Oi AOET Tbecdmies |&3&rdlevantitfe Hohg@rdthe users
stay at a resting placgTable 19). Looking at the subgroups, in tw of three cases,
strongly visible, while for the O O E O O O Aaidistrib@idnEvhich desembles the dis-
tribution of the OO D A A E Al carEfeiofséntedLbokig at the standardized re-
siduals all values for the sub clas®© O E O O O Aie sniallzAtEan Q,éwlich could
mean that the specift information need for this subgroupis not depending on the
user group. And if there is a conection, it is not that strong. Forthe two other sub-
groups, the standardized residuals are always greater than %hich indicates that
there is indeed a connection between thossubgroups and the user groups.
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The described distribution can be explained by a possible higher interest in hikgy
purpose and hikingrelevant information for those who do not stop very long at a
picnic area, while the hikers who stop at a picnic area might have an interest intge
ting more information about the flora and fauna and so forth.

TABLE 19 : CROSSTABULATIONF THE SUBGROUPS OMHE INFORMATION GROB ONFO ON TRAIG

AGAINSTTHE USER GROUPRS

No data Pass Normal Long Total
through | stopper | stopper
Route Info Count 528 657 1513 948 3646
Expected | 392.10 565.00 | 1608.70 | 1080.20
Rel. Score 1.35 1.16 0.94 0.88
Vertical Count 195 299 595 422 1511
Profile
Expected 162.50 234.20 666.70 447.70
Rel. Score 1.20 1.28 0.89 0.94
Virtual Count 28 34 118 96 276
Trails
Expected 29.70 42.80 121.80 81.80
| Rel.score | 0.94 0.79 0.97 1.17
Total Count 751 990 2226 1466 5433

DIFFERENCES IN THEDGRACONTENE
The general distribution shows no clear trend that couldfor example, differ between
stopping hikers and those whodo not stop. Looking at Table 20 it strikes as impar-
tant that the O O A C A GuAd®DIi 1Adav@ @ éimilar distribution with high indexes
and standardized residuals. For le user group of passing throughhikers all other
subgroups of information havevery low standardized residuals and follow the gen-
eral distribution. In the information subgroups OAEOA6h O0g0ADOEOAO ADB 6
the highest values and variations are in the user group déng stoppinghikers. Be-
cause the standardized residuals are very small, it carelstated that theO A Adnd o
O1 A sld<es do not show any dependency on the user groups at all.
A possible explanation could be that hikers that only pass through the picnic areas
have a generdl higher pace and therefore they might have less time andterest in
mobile objects.This argument can besupported by the fact that they show lessn-
terest in all mobile sulclasses of animalexceptthe Geardclass.On the other hang
the static O O A C A GAJDDIT 1AV &hauinexpected distribution and do not fol-
low any trend. Thereforg it cannot be explained.
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TABLE 20 : CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB GCONTENDAGAINST
THEUSER GROURS

No data Pass Normal Long Total
through | stopper | stopper
Bear Count 20 34 70 72 196

Expected | 2110 | 30.40 | 86.50 | 58.10
| Rel.score | 0.95 1.12 0.81 1.24

Bird Count 32 72 207 227 538
Expected 57.90 83.40 237.40 159.40

| Rel.score | 0.55 0.86 0.87 1.42

Butterfly Count 31 71 278 84 464
Expected 49.90 71.90 204.70 137.50

| Rel. Score 0.62 0.99 1.36 0.61

Grasshop. Count 9 20 67 72 168
Expected 18.10 26.00 74.10 49.80

| Rel. score | 0.50 0.77 0.90 1.45

Plant Count 53 111 143 174 481
Expected 51.70 74.50 212.20 142.50

Rel. Score 1.03 1.49 0.67 1.22

Vegetation Count 138 296 412 399 1245
Expected | 133.90 192.90 549.30 368.90

| Rel.score | 1.03 1.53 0.75 1.08

News Count 41 49 131 113 334
Expected 35.90 51.80 147.40 99.00

| Rel.score | 1.14 0.95 0.89 1.14

Total Count 324 653 1308 1141 3426
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DIFFERENCES IN THEDGROORIENTATIOH
The general trend of the groupO 1 OE A1 i©had EKers @who stop at any picnic
area have a lower need in orientation than the other usergTable 21). This is also
visible in the sub clasesOi AD Bnl QA B A O Alt skdms3as & Bis trend gets
disturbed by the subgroup O AD 1 GvBichicolld aldo be inerpreted as a sp-
cial function. If theO1 AD | ¢uActoh & tedarded as such a function, then the
observedtrend becomes clarer. On this aggregated group, it can be commented that
the long stoppinghikers clearly need less information on pure orientation purpose,
where the pass throughclass has the opposite need. Theormal stoppinghikers and
the hikers with no dataat the picnic areas behave similarlywith respect to pure
orientation functions. This whole distribution could be explainable by the assum-
tion that passing throughhikers walk for exercise while on theno datano such ga-
eral statement can be formulated, becausthey just do not use the dewie, which is
no direct indicator that they hike for exercise.For users who make comparatively
long stops other functions become more important than thosewith an orientation
purpose. But the fact that they have an equal intest in the Gnap overlayfunction
does not fit that line of argumentation. An uncertain assumption could be that the
® AP 1 OfnctiorArgeéds more technical skills and thdong stoppersmight not
have those, and because it can be assumed that olderdni& and children might stay
longer at the picnic areas, it could fit the distribution. But this hypothesis is highly
debatable andcannotbe proven with the given data.

TABLE 21 : CROSSTABULATIONF THE SUBGROUPS OHE INFORMATIONGROUPGDRIENTATIOND
AGAINSTTHE USER GROUPS

No data Pass Normal Long Total
through | stopper | stopper
Map Page Count 180 312 721 432 1645

Expected | 176.90 254.90 725.80 487.40

Rel. Score 1.02 1.22 0.99 0.89

Where Count 97 139 373 193 802
am |?

Expected 86.30 124.30 353.90 237.60

Rel. Score 1.12 1.12 1.05 0.81
Map Over- Count 10 14 165 33 222
lay

Expected 23.90 34.40 98.00 65.80

Rel. Score 0.42 0.41 1.68 0.50
Total Count 287 465 1259 658 2669
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DIFFERENCES IN THEDGROSPECIAIFUNCTONE
As presented in the previous groups, functions lik© OE OO O Arithe OO ABI- O ® A
I Afdrition are, in general, more popular for users that stay at picnic aread.ooking
at the information groupsO O b A A E A lin TatfeR22ti( Edmie distribution is vis-
tion. A clear statement on theD AT | E isub@dtid can be formulated, because the
differences are very high and even the expected valsdor the non stopping hikers
are low, the standardized residuals are still highTherefore it seems clear that the
stopping hikers do use theO A1 | E ifuAdiid dar more frequently than the non
stopping hikers. Especially the hikers with oneO1 T O AhaveGhoinnEa high in-
terest in this function. But also theO1 T T C Chdve,z@mb&edtd the non stg-
ping hikers, a high interest in this function. This clear statement cannot be tras-
es the stopping from the non stoppinghiker. At least it can be said that users who
have no dataat the picnic areas are the least interested in search functioné/hy the
Ol 11 ¢ CsbdwBrboh @ interest in theO O A AfGnAtigrothan the OT T O1 Al
001 b mdhidtheé solvedby argument Maybe this behavior corresponds to the
already proposed level of technical skill of those users, and because their technical
knowledge might bebelow averagethey use more search functions. Another codl
be that they just show more interest in features that are neither orientation norri-
formation about the surrounding area, and just like to search informationBut these
possible explanations are highly debatable and other random factors could be the
cause of this distribution.

TABLE 22 : CROSSTABULATIONF THE SUBGROUPS OHE INFORMATION GROB (BPECIAL FUNCTION
AGAINSTTHE USER GROUPS

No data Pass Normal Long Total
through | stopper | stopper
Search Count 31 82 171 176 460

Expected 49.50 71.30 203.00 136.30

| Index 0.63 1.15 0.84 1.29
Bookmarks Count 52 48 529 249 878

Expected 94.40 136.10 387.40 260.10

| Index 0.55 0.35 1.37 0.96
Total Count 83 130 700 425 1338
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5.4 PICNICAREAS

5.4.1 How MUCH INFORMATIOS NEEDED

The total length of all three considered trails is over 37 km, while only about 800
meters of the total length can be regarded as inside a picnic area, which is only about
2% of the total trail length (Table 23). But a normal hiker stag up to 30% of the time
at the national park at a picnic area with an average of %2. Looking at the queries
per distance, at the picnic areas about 135 times moigueries were performed than
outside of them. The distances have to be regarded with cautiomecause the hikers
do not necessarily hike the total traillength. But evenif they just use about a third of
the total trail length, the differencebetween in- and outside the picnic areas is still
very big. Using the duration of stay as the normalizationfactor, the hikers request
only about 24 times more information while being within picnic areas. Therefore
both, the length normalization as well as the probably more appropriate time rre
malization show a clear pattern. More information is requested insle the picnic
areas.

TABLE 23 : DESCRIPTIVES OF THERAILS AND PICNIC ARAS.QUERIES NORMALIZEDER TIME AND PER
LENGTH.

Length Queries | EI'HI'H | "EI'HI'H Norm.
[km] T i
Inside 08 5823 7553 10039 2.10
pIicnic areas
Outside 36.6 17163 56 4067 0.85
picniCc areas
Total 374 22986 615 4775 1

5.4.2 WHAT INFORMATION IEEDERB

At first sight it seems that the differences between th request behaviorin- and out-

sidethe picnic areaare more or less equalTable 24). The indexes from the inforna-

tion group OET A&l dndd il Ao 4rd all @6 Aldsé t61. The scores beneath

rise, but do not reach a vey high level. The biggest deviation from 1 is visible in the
information group OOPAAEAI £O1 AOEI 1 68

The standardized residuals for the information groupsOET £ AOT 61 Aé6h OEI A
and as well as for the groupODET Al [ dre vAnA<BIIA Phéefore it can be a-

sumed that they are not depending on the location in terms of #or outside the pic-

nic areas. In the information groupsOAT 1T QRITOO® A A E A1 highEQoEIth ET T 0
standardized residuals inside the picnic areas are observable. Thereforedan be
assumed that those two functions are especially interesting inside the picnic areas.
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It seemsthatO ET A&l id&yilallylindpdrtant inside and outside thepicnic areas. It

can be arguedhat while the hikers are resting their interest doesnot rise compared

to the interest while they are hiking. The same can be said f@ET &£ 11 nnOOAEI 68 O/ O
O A O Hunctiods on the other hand arethe only information group that is more im-

portant outside the picnic areas.This seans logical, because orientatiorfunctions

are more important when someone is moving. Botto AT T @GR DO®AAEAT A£OT AGEIT 1
might be more interesting inside the picnic areas, because they need a higher degree

of attention, and while the users are hiking they might jusseektheir information

from the function OET £ AOIT O1 Ad 8

Interestingly, only the subgroups of the information groupOE T &l 1 showkd OEAAS
difference at a level of significance of 0.05. Therefore all other groups must beaan

lyzed further. Even though it seems that the imfrmation groups Gnfo arounddand

OET £l $hdw nddepeRdericy at all.

0

TABLE 24 : CROSSTABULATIONDF THE INFORMATION BOUPSAGAINSTTHE PICNIC AREAS.

Outside Inside Total
Info around Count 6786 2329 9115
Expected 6805.91 2309.09
Rel. Score 1.00 1.01
Info on trail Count 6786 2329 5433
Expected 6805.91 2309.09
Rel. Score 1.00 1.01
Content Count 2411 1015 3426
Expected 2558.10 867.90
Rel. Score 0.94 1.17
Orientation Count 2095 574 2669
Expected 1992.87 676.13
Rel. Score 1.05 0.85
Special Count 879 459 1338
function Expected 999.05 338.95
Rel. Score 0.88 1.35
Info on Count 732 273 1005
device Expected 750.41 254.59
Rel. Score 0.98 1.07
Total Count 17163 5823 22986
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DIFFERENES IN THE GROWGRMLFO AROUND
It has already been showrthat generally, there is no difference between the beh-
vior of the users inside and outside the picnic area with respect tdhe information
group OET Al AdcdKin® &t Aé subgroups, the trend sems to be visible in &
most every subgroup (Table 25). TheO &/ ) and Fh& 06 A P& / jur@tion are
equally requested inside and outside the picnic areas. TR CA O Afanttiéd A o
shows a small trend towards a smaller relevancénside the picnic areas, while the
OET Al flnttion&Howsithe opposite distribution.
The same trend as has already been described is also visible in the standardized r
siduals. Interestingly the expected and counted values for th® & / ) shbwEatn@sb
perfect equivalence The biggest difference in terms of standardized residuals is Vs
ble in the subgroupO E T 4I ,which has twodalues that are greater than 2.
It seems thateven though theO & / ) wds Eequésted equally, the information on
the FOIs vas requested morefrequently inside the picnic areas. This mighbe be-
cause the users have more time fomore information requests, whereas while they
are hiking they are maybe more interested where the features are to look at in the
real world.

TABLE 25 : CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB ONFO AROUND
AGAINSTTHE PICNIC AREAS.

Outside Inside Total
FOI list Count 2504 850 3354
Expected 2504.30 849.70
Rel. Score 1.00 1.00
Get Around  Count 2531 765 3296
Expected 2461.00 835.00
| Rel. Score 1.03 0.92
Info on FOI Count 1322 555 1877
Expected 1401.50 475.50
| Rel. Score 0.94 1.17
Map(FOl)  Count 429 159 588
Expected 439.00 149.00
| Rel. Score 0.98 1.07
Total Count 6786 2329 9115
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DIFFERENCES IN THEDGRA NFO ONTRAILS
Looking at the distribution in the groupO ET /&I it deem@a® ifttiete s almost no
difference between inside and outsi@ the picnic areas. But the sujroups as shown
in Table 26 seemto neutralize their trends. The O O E O O O Aule faOrinleHised 6
inside the picnic areaswhich corresponds to the additional usage o® OB A A& A |
OET, wideas theOOT OOA E TséEm©tb BeOnitd dogular outside the trail,
which can be explained by the assumed need of such information at the beginning of
a journey. All analyzed picnic areas are not at the beginning of the traihich could
explain that behavior. Even though there might be some underlying variablehé
trend depending on the picnic areasan be confirmed when the standardized rds
duals are analyzedThey are in both cases greater than 2. The difference in thelsu
group O O E O O O Asinot ésdid &sithd éelevance index would indicate, because the

AO01

standardized resduals aremuch smaller compared with the sulgroup OO1T O GA ET A&l

the picnic areas can be ascertaine®oth standardized residuals as well as the rele

ance index show low values

A possible interpretation for this distribution againis the additional time and atten-

tion the hikers spend on the device while they are resting¥irtual O O A teédndy-

be a higher attention and are therefore less requested outside thgicnic areas. On
the other hand the otherO E T ZEI  Oi$ioke intieresting while the users are hiking.

TABLE 26 CROSSTABULATIONDF THE SUBGROUPS AFE INFORMATION GROB ONFO ON TRAIIG
AGAINSTTHE PICNIC AREAS.

Outside Inside Total
Route Info  Count 2936 710 3646
Expected 2722.40 923.60
Rel. Score 1.08 0.77
i C t
Vertical oun 1137 374 1511
Profile
Expected 1128.20 382.80
Rel. Score 1.01 0.98
i C
Virtual ount 187 89 276
Trails
Expected 206.10 69.90
Rel. Score 0.91 1.27
Total Count 6786 2329 9115
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DIFFERENCES IN THEDGRA ONTENE
In general more OA T T @frim&ion was requested inside the picnic areas than
outside (Table 27). But this trend is not very strong. Lookig at the subgroupsO Oék C
OAOBAID D1 Asholy @dvisible differences at all. Thgreatestrelevance score is
visible for the OC O A O O ETh® ieque3® 6nd A E @il O A A A &milarly dis-
tributed and requested more inside the picnic areas.
In terms of standardized esiduals the same pattern is okervable. The flora has very
small residuals, while the highest value is reached in the subgropA E OA 6 8
While the users are resting inside the picnic areas, they might be more aware of
moving and smallanimals. Therefore they might request more of this information.
The fauna on the other hand might be an equal eye catcher outside the picnic areas,
while the users are walking. Therefore no real difference is observablmterestingly
the OT A fudzion is also more important inside the picnic areas. The users might
just have more time for such things. On the trails they are more occupidy other
things and while they are resting they can infornthemselvesmore aboutthe infor-
were requested more outside the picnic areas. Nplausible interpretation for this
distribution could be found.
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TABLE 27 CROSSTABULATIONDF THE SUBGROUPS AFHE INFORMATIONGROUPGCONTENBAGAINSTTHE
PICNIC AREAS.

Outside Inside Total
Bear Count 120 76 196
Expected 146.30 49.70
Rel. Score 0.82 1.53
Bird Count 314 224 538
Expected 401.70 136.30
Rel. Score 0.78 1.64
Butterfly Count 358 106 464
Expected 346.50 117.50
Rel. Score 1.03 0.90
Grassh. Count 97 71 168
Expected 125.40 42.60
Rel. Score 0.77 1.67
Plant Count 358 123 481
Expected 359.10 121.90
Rel. Score 1.00 1.01
Vegetation Count 939 306 1245
Expected 929.60 315.40
Rel. Score 1.01 0.97
News Count 225 109 334
Expected 249.40 84.60
Rel. Score 0.90 1.29
Total Count 2411 1015 3426
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DIFFERENCES IN THEOGRA RIENTATION

In the group O1 OE AT tBeAdDetall tred shows that orientation functions are

more important outside the picnic areas than inside of themThe sulgroups show a
slightly different distribution as visible in Table 28 for the function Of AP B®sACA 6

well as for the function O x E A O A Th& loppgsiée trend is viside in the function

Oi ADP

side the picnic areas.

The biggest difference between outside and inside the picnic areas in terms of ista

i GvAidhicdkrespdmds to the additional request of special functionsni-

dardized residuals isdiscoverable in the sulgroup O AD Brée@didgl for the

other two subgroups the standardized residuals are small and it is not impossible

that they are not even depending on the variable picnic area.

tant. Alsq special functions such as th®© 1 A D
even though the standardize residuals are comparatively small, because the fun
tion is generaly not used that often.

ET OAOPOAOAOET 1
areas the orientation and especially the map function plays an important role,eb
cause the map is needed to continue the trail, while inside the picnic area during the
rest other functions such as information on flora and fauna might be more impo

I £ OEA peaEE A0SO

| €uActioh A&r&)used moreoften,

TABLE 28 CROSSTABULATIONDF THE SUBGROUPS OF THEFORMATION GROURDRIENTATIOND AGAINST
THE PICNIC AREAS.

Outside Inside Total
Map Page Count 1330 315 1645
Expected 1228.30 416.70
| Rel. Score 1.08 0.76
Where am |  Count 615 187 802
Expected 598.80 203.20
| Rel. Score 1.03 0.92
Map Over- Count 150 72 222
lay
Expected 165.80 56.20
Rel. Score 0.90 1.28
Total Count 2095 574 2669
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DIFFERENCES IN THEDGRA PECIAIFUNCTION
In general far more OODAAE Al ardB@quds@Eihsidetbe picnic areas than
as well as fortheO AT T E ifuAcfid (Table29).
In both cases all standardized residuals, inside as well as outside the picnic areas, are
greater than 2, indicating that there is indeed a dependency on this variablelThe
highest value5.3is observable in the cellO O A AigsilleEtiGe picnic areas.
A possible interpretation could be thatinside the picnic areasthe usershave more
time to perform more complex functions. More simple functions are interesting

while the usersare hiking and have to concentrate on other things.

TABLE 29 CROSSTABULATIONDF THE SUBGROUPS AMHE INFORMATION GROB GSPECIAL FUNCTION
AGAINSTTHE PIONIC AREAS.

Outside Inside Total
Search Count 286 174 460
Exp. 343.50 116.50
Rel. Score 0.83 1.49
Bookmarks Count 593 285 878
Exp. 655.60 222.40
| Rel. Score 0.90 1.28
Total Count 879 459 1338
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5.5 TIME

5.5.1 How MUCH INFORMATIOS NEEDED

Eisenhut et al. (2008)showed that the distribution of the total dataset of all requests
follow a normal distribution. In this thesis only a subset of ahost 23000 selected
entries have beenanalyzed.Figure 30 illustrates the distribution of all requests dur-
ing a day.Even though the distribution looks like it might be normaly distributed,
the Kolmogorow-Smirnov testindicates that at a level of significance of 0®it is not
normally distributed. Some peaks around noon might diffr too much from a normal
distribution. An imaginableexplanation for the differences might be the distribution
of the resting time.But the peaksoriginate from outside the picnic areas, because the
distribution of the requests inside the resting areas (drk bar) shows no such peaks.
Therefore they originate from the behavior outside the picnic areasThe mean
which is before noon at 11.19 is the same a# the analysis ofnearly 80,000 points
by Eisenhut et al. (2008) Additionally it can be stated thatthe distribution has a
slightly positive skewness (0.75), which indicates that more inbrmation is re-
guestedin the morning.
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FIGUREZ28 : DISTRIBUTINO OF REQBSTSDURING THE DAYMEAN11.19, INTERVAL WIDTH30 MINUTES.
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It could be proven that the requests are not normdy distributed. An explanation of
the distribution is visible in Figure 29. Thereis also a strong correlation(correlation
coefficient 0.935) between the active users and the requestslt can be saidthat the
distribution of the requests in the absolute time scale does not make much sense,
unless it is normalizedby the number of hikers.
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FIGURE29 : REQUESTS AND USERBNTHE TRAIL, TIMESTEPS5 MINUTES.

Looking at Figure 30 the total distribution (upper right corner) shows a different
trend than expected inFigure 29. There seem to be much more requests per user
and 15 minutesvery early and very latein the day,as during the most popular hiking
periods. But thisalsohas to be put into perspective. Since only a few hikers wemmn
the trails at that time,the number of requests duringthose 15 minute time periods is
strongly depending on only a few hikers. Frm 6 AM to 5 PM there were always at
least 10 hikers on the trails. Looking at this distribution another trend can be l»
served. It looks like more information isrequested aroundnoon than in the morning
or in the afternoon. This distribution can be modeled with a quadratic function with
an Rof 0.45(Figure 30). Even though the residuals follow a normal distribution and
show no signs of heterosedasticity, the model might not be satisfying because the
function reaches values beler zero, which is impossibleBut other functions such as
a constant function (Rof 0.05) and a normal distribution with amean of 11.36 anda
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standard deviation of 3.08 are notsatisfactory either. Therefore the quadratic furc-

tion is the best choice of anodel.

What seems clear is that there is a difference betweeearly in the morn-

ing/afternoon and the maximum at noon.The maximum of the function is at 11:20,
which is very close to theunderlying frequency function. Although the difference is
only afew requests perl5 minutes,the relative difference of 6AM. to the maximum
just before noon is about 30 percent.

FIGURE30 : NORMALIZEDREQUESTS PER USER BNS5 MINUTES.

Secondly the distribution of the relative time will be analyzed. Eisenhut et al. (2008)
stated that the use of the device becomes less attractivatil the end of the journey.
Looking at Figure 31 the histogram shows a clear downward trend. But if the nm-
ber of active usersfor such a lag time is taken into account, the statement has to be
put into perspective. Over 150 hikers usel the device for at least sours, while only
one user usedthe device for 14 hours.Even ifall hikers would behave similarly and
constantly over time, the didribution would look similar to the shown histogram.
The only outstanding feature is at the beginning where, compared to the number of
users, much more information was requested.
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