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Abstra t

Melvil is an ontology-based knowledge retrieval platform that provides a three-dimensional visualization of sear h results. The user an
tailor the presentation of the sear h results to her preferen es by hanging the settings of various parameters on the s reen. In this paper, we
report on a prototype implementation of a user pro ling devi e that
learns to predi t appropriate settings for these parameters for the urrent sear h results based on previous experien es. In a preliminary
study, we evaluated several o -the-shelf ma hine learning algorithms
on parts of the problem. The nal implementation required the exibility of handling both regression and lassi ation problems, being
able to deal with set-valued input and output attributes, as well as inorporating Melvil's ontologies for the respe tive appli ation domain.
Thus, we sele ted a nearest-neighbor approa h for the prototype implementation. An evaluation on o -line data olle ted from several
users showed a satisfa tory performan e.

1 Introdu tion
Melvil is an ontology-based knowledge retrieval platform that allows to visualize sear h results in an intera tive 3-dimensional representation. The
appli ation is urrently under development at uma AG. The user interfa e
to the visualization module provides several fa ilities for hanging the presentation of a sear h result. These in lude various swit hes for ltering
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groups of do uments (e.g., ex luding do uments from ertain domains or
servers), adjustable thresholds for ltering do uments along some numeri al
hara teristi s (e.g., length and re en y), and sliders that allow to in rease
or de rease the weight of query terms (whi h hanges the sorting of the do uments in the display). The goal of the work des ribed in this paper is the
development of a user pro ling omponent for this visualization omponent
of Melvil. The user pro ler should be able to predi t suitable positions of
these knobs and swit hes for an individual user based on her past behavior.
For this purpose, we rst analyzed the problem, de ned potentially relevant variables that ould be used for predi tion, and olle ted intera tion
data from various users (see se tion 3). The experimental work was done in
two separate phases: The rst phase was a preliminary exploration aimed
at getting a qui k grasp of the data material, and a simple omparison of
various learning approa hes (se tion 4). For this phase, we relied on existing ma hine learning software, in parti ular on the publi ly available Weka
Data Mining library (Witten and Frank, 2000). Based on our analysis of the
problem and the experien es olle ted in this rst experimental study, we
de ided to implement the prototype based on a nearest-neighbor learning
algorithm. This implementation is des ribed in se tion 5. The nal evaluation of the prototype is des ribed in detail in se tion 6. In the next se tion,
we start with a brief overview of the Melvil knowledge retrieval platform.

2 Overview of

Melvil

Finding and analyzing relevant information is be oming more and more riti al to the su ess of every organization. The urrent rate of data explosion
requires new approa hes to information management and retrieval. The
more data is a essible through digital networks, the more urgent is the
demand to nd and analyze what you really need. Melvil is a knowledge
retrieval system that assists its user in solving this hallenging task.
Melvil helps to represent the olle tive knowledge of an organization and
make it a essible as a whole to even a single knowledge worker. Query
results are dynami ally displayed in a web-based 3D-environment and empower the user to navigate visually through meta and detail information
spa es. Retrieving and analyzing information be omes a visual and therefore a more intuitive task.

2.1 Ontology Support
Sear hing through knowledge-bases by keywords, then sorting through endless lists of do uments in reasingly frustrates and often does not lead to
satisfying results. Sometimes users do not know exa tly how to formulate a
request or whi h keywords to use for a su essful query. Using Melvil's support for ontologies|hierar hi ally stru tured semanti networks of terms|
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the user is guided through knowledge areas s/he is not familiar with. This
semanti net| reated by domain experts|guides a non-expert user in a
visual way to help to de ne the queries that apture his or her information need. Melvil's semanti nets onsist of interrelated on epts whi h are a
ombination of spe i terms and mat hing term patterns, su h as synonyms
and various spellings, in one or more languages.
Retrieved knowledge an only be as meaningful and omprehensive as
the underlying sour es and semanti nets that build the basis of any urrent state-of-the-art knowledge retrieval system. Melvil provides a powerful
ontology editor whi h enables a single editor or a widespread network of
experts to build an ontology simultaneously online, logi ally des ribing a
spe i knowledge area. Relevant data sour es on the user's Intra/Extranet
as well as on the Internet an be added to the system, whi h will s an and
index them periodi ally. Thus Melvil enables knowledge workers to retrieve
data from di erent sour es.

2.2 3D Visualization

Melvil provides knowledge workers with several dynami

data ltering tools,
that help s reening results by parameters in luding re en y, length, domain
or top-level-domain. Additional fun tions su h as Melvil's on ept weight
tool enable the user to give ertain on epts more \weight" than others.
Melvil's meta-analysis spa e allows to navigate visually through large groups
of do uments displayed as graphi al, olor- oded 3D obje ts, ontaining
di erent ombinations of the on epts in luded in the query (see gure 1).
Dynami data ltering helps the user analyze a set of results before entering Melvil's detail-analysis spa e to fo us on a spe i group of do uments,
all ontaining the same ombination of on epts. To examine one do ument
in detail, one may simply li k on the orresponding graphi al obje t and a
new browser-window ontaining this do ument will be opened. Melvil's long
term monitor and weight preferen e pro ler omplete the suite of ltering
options. The former helps monitoring the hange of results for the same
query, while the latter is an automated user pro ler that assists the user
with ustomizing result sets. Its design is the topi of this paper.

2.3 Implementation and Availability

Requirements of uma's lients di er widely. Therefore Melvil is on eived
as a platform-independent, Java-based software solution, that an be easily
ustomized. A modular set of 3D and 2D interfa es of the query, metaanalysis and detail-analysis spa es makes it an easy task to devise ustomized
visualizations.
The Melvil lient appli ation is based on Java, HTML and VRML 2.0,
and requires the Blaxxun Conta t Plug-In. A wholly Java-based version is
3

Figure 1:

Melvil's 3D visualization of query results.

4

being developed. The appli ation itself onsists of a set of Java applets, that
are downloaded from the server. The minimum requirements for Melvil are
64 Mb RAM, and a Pentium II pro essor or similar. Some advan ed features
are best viewed with a 3D-a elerated graphi s-board, 128 Mb RAM and a
Pentium 4 pro essor or similar. Currently supported OS for the lient are
Windows98, NT and 2000.
More information, in luding demonstration software, an be found at
http://www.uma.at/melvil.

3 Problem Des ription
As stated above, our goal is to model a user's preferen es regarding the
visual presentation and the ltering of Melvil's knowledge retrieval engine.
The user is able to in uen e the display by modifying the settings of the
parameters shown at the bottom row of panels on the s reen ( gure 1).
In parti ular, s/he may spe ify the relative importan e of the query terms
using the sliders to the right of the query terms (left side of the s reen),
pla e onstraints on the re en y and the length of the retrieved do uments
using two movable arrows to the right of the respe tive panels (upper half
of the right part), as well as swit h various domains and groups on and
o by sele ting or desele ting their entries (lower right orner). The task
of the user pro ler is to model a user's preferen es with respe t to these
parameters. As the user's preferred position for the swit hes and knobs in
the interfa e may depend on her query and on the sear h result produ ed
by this query, the learning problem is to nd a mapping between the query
and the returned result to the user's preferen es. Di erent users will have
di erent preferen e pro les, hen e a di erent user model has to be learned
for ea h individual.
The rst step is to identify suitable hara terizations of the query and
the sear h results. For our study, we agreed upon the des riptors shown in
the upper part of table 1. These are mostly aggregate attributes over the
individual do uments in the sear h result, su h as the minimum, maximum,
and average of the do ument length in the sear h result, whi h we thought
would bear some relevan y for learning appropriate lter settings for these
hara teristi s. A spe ial role is played by attribute 8, whi h en odes the
frequen y of found do uments for ea h term in the query. As di erent queries
ontain di erent query terms (and also a di erent number of query terms),
this information annot be represented by a single value, only by a set of
values (one for ea h term in the query).
The lower part of table 1 shows the variables whose values have to predi ted by the learning algorithm. These represent the variables that the
user an hange with the GUI in order to adjust the presentation of the
results to her personal taste. Note that these do not orrespond exa tly to
5

No. attribute

type

Independent Variables

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14

user id
number of found do uments
number of found query on epts
number of subspa es
number of do ument groups
ontology id
number of servers with do uments
number of domains with do uments
frequen y of query terms
last modi ed date / minimum
last modi ed date / maximum
last modi ed date / average
do ument length / minimum
do ument length / maximum
do ument length / average

Dependent Variables

15
16
17
18
19
20
21

weights of query terms
last modi ed date / minimum threshold
last modi ed date / maximum threshold
do ument length / minimum threshold
do ument length / maximum threshold
server lter
domain lter

ategori al
numeri al
numeri al
numeri al
numeri al
ategori al
numeri al
numeri al
numeri al / set-valued
numeri al
numeri al
numeri al
numeri al
numeri al
numeri al
numeri al / set-valued
numeri al
numeri al
numeri al
numeri al
boolean / set-valued
boolean / set-valued

Table 1: Data spe i ation
the ones shown in the s reenshot of gure 1. The reason is that the work
des ribed in this paper was performed on an older protoype of Melvil, while
the s reenshot is taken from a more re ent version whi h in orporated some
simpli ations in the number and the nature of the parameters that an
be modi ed by the user. Most notably, we were predi ting real values for
the minimum and maximum thresholds of the desired do ument length and
re en y, while the newer version uses a dis rete s ale.
Note that again several of the attributes are set-valued. Attribute 15 (the
importan e of ea h query term for the user) has a one-to-one orresponden e
to the attribute 8 (the number retrieved do uments that ontain the query
term), i.e., for ea h value that appears in attribute 8, there is a orresponding
on ept weight setting in attribute 15. Most problemati are attributes 20
and 21: they spe ify whether do uments from a parti ular domain or server
should be displayed or not. The number of these parameters depends on
whether or not do uments from these sour es are present in the query result.
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Ontology
user
0
1
hrid
29
0
k
52 54
hg
52 54
katz
52 50
rs
52 54
rt
52 54
sw
52 54
rt2
154
0
Table 2: Overview of the datasets
The nal implementation of the system should work as follows: First,
the user formulates a query using a given ontology. An ontology onsists of
a xed number of hierar hi ally organized on epts that an be added to the
query via a graphi al or text-based query editor. The Melvil system returns
the sear h result for this query and the learned user model de ides upon an
appropriate lter and on ept weight settings by predi ting values for the
target variables. The user an then improve the presentation of the results
by modifying the predi ted values. The nal values (whi h are assumed
to be the optimal hoi e for this user for this query) are then returned to
the learning system as a new training example. It is used by the learner to
adjust the user pro le so that it is more likely to predi t these nal values in
similar situations (i.e., in situations that are hara terized by similar values
of the input parameters). In the beginning, the predi ted values will follow
a default model, but after several intera tions with the system, i.e., when
more and more training examples ome in, the system should adjust the
model for this parti ular user to her individual preferen es.

3.1 Data Des ription
The experiments reported in this paper were performed o -line, using data
that were olle ted from several users that intera ted with the system. The
rst set of data originates from 7 users who were given 106 pre-de ned
queries, and instru ted to visualize the sear h results for ea h of the queries
a ording to their liking. Only 5 of the seven ompleted the entire set of
queries. For ea h test query, we olle ted the 22 variables shown in table 1.
The test queries were based on two sample ontologies. As it is not
possible to re-use the knowledge learned for the on epts in one query within
another query (at least not unless an expli it semanti mapping between
the on epts in the two hierar hies is de ned), the datasets had to be split
7

103 institutionen
106 ministerien
107 landesregierungen
109 agenturen
108 aemter
105 kammern
3 universitaeten
104 te hnologiezentren
110 foerderungsstellen
111 involvierte fonds
28 taetigkeiten
29 fors hungsprojekt
30 grundlagenfors hung
31 konzepterstellung
32 studie
33 fors hungsarbeit
34 angewandte fors hung
...
...
...
...

Figure 2: Sample fragment of ontology 0 (BMWA).
a ording to the ontologies used. These datasets were used for the initial
evaluation des ribed in se tion 4.
At a later stage, we obtained 154 additional examples from user rt.
This set was mostly used for the experimental evaluation of the prototype
des ribed in se tion 6.

3.2 Ontologies
Domain ontologies are often viewed as the key ingredient for su essful IT
appli ations (Fensel, 2001; Staab and Maed he, 2001). They are also at
the ore of Melvil's knowledge retrieval engine. An ontology in Melvil is a
semanti hierar hy that aptures expert knowledge about the appli ation
domain. Ea h node in the ontology is asso iated with textual patterns that
are used to index do uments under this on ept. Both the ontology and the
asso iated patterns are onstru ted manually using Melvil's ontology editor.1
For the end-user, Melvil provides a powerful query editor that an be used
with a text-based or a graphi al interfa e.
1

Re ent developments for learning ontologies (Maed he and Staab, 2001; Staab et al.,
2000; Maed he et al., 2001) and for learning text lassi ers that re ognize instan es of
ontologies (Craven et al., 2000; Mladeni, 1998) are onsidered for future work.
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The user query is represented in attribute 8 of our input data, whi h
ontains the ontology nodes that have been sele ted by the user and their
frequen y of o urren e in the query result (basi ally the information that is
aptured in the text box in the middle of gure 1. The set-valued nature of
this attribute (ea h intera tion by a user an use an arbitrary set of on epts)
is in ompatible with the design of most ma hine learning algorithms, whi h
assume an input ve tor of a xed size. Typi ally, su h information is handled
by unfolding the set-valued attribute in to a set of n attributes, where n is
the number of valid values, in our ase the number of di erent nodes in
the ontology. However, this approa h has the disadvantage that one needs
a large number of training examples in order to ensure that ea h on ept
o urs frequently enough. A brief examination of the data ontained in the
106 test queries (52 for ontology 0, 54 for ontology 1) showed that most of
the on epts o ur less than 5 times, many not at all. Table 3 shows the
frequen ies for the nodes in ontology 0 (the situation for the other ontology
was quite similar).
This shows that a straight-forward unfolding of the ontology into binary
attributes is not advisable be ause for most ases there are too few intera tions from whi h future behavior ould be predi ted. Colle ting more
data would be helpful in this ase, but it would ignore the real-world situation, where the user expe ts qui k learning after a few intera tions with the
system.
Hen e we eventually settled for an approa h that exploits the on ept
hierar hy of the ontology. Figure 2 shows a fragment of ontology 0 (BMWA)
whi h represents knowledge about the Austrian Federal Ministery for E onomi s and Labor. At the top level, there are nodes like \institutions" and
\a tivities", whi h are further re ned at the levels below. The maximum
depth (not shown) is 6. Instead of unfolding ea h node of the hierar hy
into a separate binary attribute, we only onsider nodes down to a ertain
maximum level. Lower nodes are repla ed with their prede essors. Thus,
we exploit the generality relation that is impli itly de ned within the ontology: on ept 32 (studie) generalizes to 30 (grundlagenfors hung) whi h
in turn generalizes to 29, and nally to 28 (taetigkeiten).

3.3 Evaluation Measures
To allow a omparison of the learning performan e under various ir umstan es, we employed several evaluation measures. We will brie y introdu e
them here, as they will appear in various pla es of the paper. In the following, pi refers to the value predi ted by the lassi er on example i, while
i is the orre t value. di refers to the predi tions of a default model. In
the ase of the experiments reported in se tion 4, the default model always predi ts the mean value of all known values of the dependent variable
(regardless of the values of the independent variables). For evaluating the
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0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

2
8
0
0
9
4
5
35
16
14
2
17
2
7
3
2
1
2
23
4

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

11
3
2
1
6
0
3
4
0
18
4
3
2
2
6
2
1
4
2
1

40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59

1
1
3
1
1
2
1
1
15
5
4
1
3
3
10
6
4
14
9
6

60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79

6
13
6
3
1
2
2
7
2
2
0
27
7
5
2
1
5
1
1
2

80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99

6
1
13
6
2
8
3
1
1
9
3
3
3
3
0
0
3
2
0
1

100
101
102
103
104
105
106
107
108
109
110
111
112
113

6
1
6
0
0
0
2
1
0
0
0
0
0
0

Table 3: Frequen ies of on epts o uring in Ontology 0 (BMWA) in the
100 test queries ( on ept IDs are shown in bold fa e).
prototype implementation (se tion 6), we used the default model des ribed
in se tion 5.7, whi h always leaves all lter settings on (i.e., it always shows
the entire sear h result).
Error:

8
jpi ij ) for numeri al variables
>
<
0 if p =
erri =
>
: 1 if pii 6= ii for ategori al variables

(1)

This is basi ally the di eren e between predi ted and orre t value of
example i.
Default Error:

8
jdi ij ) for numeri al variables
>
<
0
if d =
derri =
>
: 1 if dii 6= ii for ategori al variables

(2)

The default error derr i is identi al to the error, ex ept that we do not
evaluate the predi tions pi of the lassi er but the predi tions di of
a default model. Hen e, this measure does not evaluate the lassi er
itself, but it is a useful ben hmark omparison for the Error.
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Mean Absolute Error:

mae =

n
1X
err
n i=1 i

(3)

n
1X
err2
n i=1 i

(4)

This measure simply omputes the average deviation from the predi ted value over all n examples.
Mean Squared Error:

mse =

This omputes the average squared error over all n examples. It will
penalize large deviations on a few examples more severely than small
deviations on more examples. Note, however, that for the symboli
predi tions (variables 20 and 21) there is no di eren e between the
squared error and the absolute error, be ause the error an only be
0.0 or 1.0, for whi h squared values are the same.
Relative Mean Absolute Error:

Pn err
rmae = Pni=1 i
derr
i=1

i

(5)

This is the relative average error between two di erent lassi ers. A
value < 1 signals an improvement over the default model.
Relative Mean Squared Error:

Pn err2
rmse = Pni=1 i2
derr
i=1

i

(6)

This de nition is analogous to the previous one, only for squared errors.
Correlation:

Pn (p p)( )
orr = (n 1) Pn i=1 i 2 Pn i
i=1 (pi p) i=1 ( i )2

(7)

where p is the mean value of all predi tions pi and  is the mean value
of the orre t values. The orrelation oeÆ ient is lose to 1 if there
is a good orrelation between the predi tions and the orre t values,
it is lose to 0 if there is no orrelation (and it may be lose to 1 if
there is a negative orrelation, i.e., when one variable in reases when
the other de reases and vi e versa).
time shows the run-time of the algorithms in CPU se s. user
time on a SPARC Ultra-2 station running Solaris 5.6.

Run-Time:
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4 First Steps: Evaluation of Di erent Learning
Algorithms
After olle ting the datasets shown in Table 2, we de ided to perform a
qui k evaluation of the datasets with publi ly available ma hine learning
te hniques. The asual reader may skip the details of this se tion and fastforward to its summary in se tion 4.4.
For the purposes of these rst experiments, we hose to work on variables 16{19 be ause they have single target values, whi h an be straightforwardly dealt with by ommonly available algorithms. The remaining
targets (15, 20, and 21) are set-valued variables, whi h annot be handled
by available ma hine learning algorithms without a transformation of the
data. We deferred their evaluation until an implementation of the prototype was available, whi h was able to handle this parti ular type of problem
(see se tion 5).
The main goal of the evaluation was primarily to get a \feel" for the
learning problem and for possible ways to address it. First of all, we wanted
to see whether learning is possible at all, i.e., whether learning algorithms
are in fa t able to improve lassi ation performan e over time. Besides, we
hoped to get some insights about whi h learning algorithms are appli able,
and how we ould deal with the pe uliar properties of these data, most
notably with the ontologies.

4.1 Algorithms
We de ided to try the following learning algorithms for numeri al target
attributes (regression algorithms ):
kNN: Instan e-based learning was popularized in ma hine learning through
the work of David Aha (Kibler et al., 1989; Aha et al., 1991), but
it has its roots mu h earlier in the k-nearest-neighbor lassi er (see
(Dasarathy, 1991) for a olle tion of early papers in that area). The
kNN algorithm does not learn an expli it model of the data, but simply
stores all past experien es and uses them as the urrent model. To
lassify a new example, it s ans its database to nd the k most similar
mat hes, and derives a predi tion for the new example from the stored
values of these k neighbors. In this se tion, we used the simplest
form with k = 1, i.e., the dependent variables of the nearest neighbor
are dire tly used for predi ting the dependent variables of the new
example. A more detailed des ription an be found later in this paper
(se tion 5.1).

12

LR:

Linear Regression is a well-known te hnique from statisti s. It nds a
linear ombimation
n
X
y = 0 + i xi
(8)

i=1

whi h omputes a predi tion y from the input variables xi . The training data are used for determining optimal values for the i (i = 0 : : : n),
where optimality is de ned as minimizing the mean squared error of
the predi ted values (see se tion 3.3).
Lo ally Weighted Regression is a te hnique that tries to unify some
of the properties of kNN and LR: the predi tion is made using a linear equation su h as (8), but the oeÆ ients i are determined in a
way that gives higher weights to errors that are near the example to
lassi y, i.e., ea h example is lassi ed with a separate model that is
derived at lassi ation time for this parti ular example. A survey on
this and related so- alled \lo al" learning te hniques an be found in
(Atkeson et al., 1997).

LWR:

M5':

M5' learns a so- alled regression tree (or model tree ). Contrary to an
ordinary de ision tree (or lassi ation tree), a regression tree an be
used for predi ting numeri variables, but it shares with them the treestru ture whi h is in rementally re ned during learning. Regression
trees have been introdu ed by (Breiman et al., 1984) and (Quinlan,
1992).
This is not a learning algorithm in the stri t
sense (or at least not a very lever one). It simply predi ts the mean
value of all past observations of the independent variables as the value
for the new observations. This predi tion is the onstant value that
minimizes the mean squared error estimate. The method is mainly
in luded as a ben hmark value for the other algorithms: if they are
unable to a hieve a better performan e than this method, they annot
be said to learn something useful.

Default (Mean Predi tion):

For experimentation, we used the Weka Data Mining library, whi h provides publi ly available, state-of-the-art implementations of the above (and
other) learning algorithms (Witten and Frank, 2000). This hoi e also allowed us to perform a fair omparison of the run-times be ause all algorithms
are implemented in the same framework, in the same programming language
(Java) and with the same overhead for data handling.
Ea h of the above algorithms was tried on ea h of the datasets for ea h
of the target variables. We also implemented an option that allows to prune
the ontology to various degrees (des ribed below). In total, we performed
1120 experiments (7 users  2 ontologies  4 target variables  5 learning
13

Measure
mae
mse
rmae
rmse
orr
time
mae
mse
rmae
rmse
orr
time
mae
mse
rmae
rmse
orr
time
mae
mse
rmae
rmse
orr
time

kNN
LR
Variable 16
3.38e+07 3.81e+07
1.14e+16 5.35e+15
0.162
0.297
0.126
0.100
0.858
0.875
2.04
57.17
Variable 17
1.60e+07 2.35e+07
6.20e+14 1.69e+15
0.955
1.333
1.100
2.791
0.480
0.547
2.06
62.96
Variable 18
7.94e+03 8.46e+03
1.52e+08 1.66e+08
0.787
0.768
0.874
0.798
0.458
0.701
2.06
58.85
Variable 19
4.73e+04 3.70e+04
5.61e+09 2.76e+09
0.694
0.584
0.732
0.416
0.557
0.722
2.05
56.86

LWR

M5'

Default

3.23e+07 1.66e+07 3.56e+08
3.79e+15 1.90e+15 1.41e+17
0.244
0.179
1.000
0.079
0.052
1.000
0.889
0.872
0.000
539.18
2.28
0.27
2.71e+07 1.20e+07 1.64e+07
2.12e+15 3.88e+14 5.76e+14
1.470
0.664
1.000
3.129
0.560
1.000
0.604
0.669
0.000
566.20
5.12
0.29
9.81e+03 5.55e+03 9.56e+03
2.31e+08 6.25e+07 1.60e+08
0.912
0.495
1.000
1.167
0.296
1.000
0.699
0.731
0.000
540.35
4.68
0.29
3.82e+04 2.09e+04 7.21e+04
3.04e+09 9.95e+08 8.63e+09
0.657
0.354
1.000
0.545
0.171
1.000
0.735
0.793
0.000
523.05
4.53
0.28

Table 4: Average Results over all experiments
algorithms  4 ontology pruning settings). Ea h experiment in turn performed a 10-fold ross-validation for estimation of the evaluation measures,
i.e., the reported results are the average of 10 runs, where in ea h of them
one tenth of the data is left out in training and reserved for testing, in a
way that ensures that ea h example appears exa tly on e in a test set.

4.2 Comparison of Learning Algorithms

An evaluation of su h a ve-dimensional results matrix (users  ontologies
 target variables  learning algorithms  ontology pruning settings) is a
hallenging task itself. We de ided to average the performan e over the other
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dimensions when evaluating a parti ular dimension. We also de ided to
ignore the results for the users hrid and katz who did not omplete all 106
test queries. Table 4 shows the average results for ea h of the algorithms on
ea h of the four target variables. The six evaluation measures are des ribed
in se tion 3.3.
The most important result is that all four learning algorithms outperform
the default lassi er in variables 16, 18 and 19. In all three ases, the values
of rmae and rmse are well below 1.0, whi h means that they improve upon
the default model. Likewise, the orrelation oeÆ ients indi ate a positive
orrelation (although not always a strong one) between the predi ted and
the orre t values. However, on variable 17, only one of the algorithms,
namely the model tree M5' seems to a hieve a better squared error rate
than the default lassi er, although all of the algorithms a hieve at least
a better orrelation than the default lassi er. kNN is also slightly better
than default lassi ation with respe t to (relative) mean absolute error.
The obvious next question is, whi h algorithm performed best and should
be implemented in the prototype. Looking at the run-times of the algorithms, we see that kNN and M5' are one order of magnitude faster than
linear regression, whi h in turn is one order of magnitude faster than lo ally
weighted regression. From these results we ruled out regression algorithms
entirely be ause their performan e was not better than other hoi es but
their run-time was mu h worse.
Eventually, we had to de ide whether to use a nearest-neighbor lassier or a tree-based algorithm for the implementation of the prototype. The
above results are learly in favor of M5'. However, there are several pragmati reasons that strongly suggest the use of a nearest-neighbor approa h.
These are:



kNN algorithms work in rementally, i.e., they an adapt their model
after ea h individual example without having to be re-trained. In fa t,
the learning step onsists simply of adding the example to the ase base
of that parti ular model.



kNN algorithms are able to predi t both, numeri al and ategori al
target values. Typi ally, ma hine learning algorithms spe ialize on one
or the other, so that we would have had to integrate and oordinate at
least two di erent types of learning algorithms, whi h is a onsiderable
overhead.



The ore element of a kNN algorithm is a similarity fun tion, whi h
an be de ned in a exible way by de ning similarities on individual
attributes (see se tion 5.1). For example, this ould allow to de ne a
exible similarity between query terms on the basis of the hierar hi al
ontology. In the urrent prototype the handling of the ontology is
performed as a pre-pro essing step but a dynami integration into the
15

similarity fun tion ould turn out to be more desirable for the nal
system.
Finally, response time is ru ial for our appli ation, and here kNN's
exibility on e again proves to be advantageous: In tree learning, a separate
model has to be learned for ea h of the target variables after ea h in oming
example. Instan e-based learning approa hes have to identify the distan es
of a new example to all stored examples on e, and an then re-use this
information for deriving a predi tion for arbitrarily many target variables
(unless we use a di erently weighted similarity fun tion for di erent target
values, see se tion 5.1). In e e t, this means that for learning all four target
variables shown in table 4, M5' would need the sum of the times for ea h
individual variable. kNN, however, has to perform the same operation for
ea h variable ( omputing the distan e to all neighbors), whi h an also be
seen from the (almost) identi al run-times of kNN on ea h of the four tasks.
Hen e, the total run-time of an eÆ ient implementation would be equivalent
to the maximum (and not the sum) of the run-times on the four variables.2
This problem will be mu h more severe for the set-valued target variables
be ause, as we will see in se tion 5.4, ea h of them will be unfolded into a
set of single-valued target variables. In this ase, in an be expe ted that
kNN is orders of magnitude faster than M5'.
However, a slow algorithm with a good lassi ation performan e may,
of ourse, still be preferrable to a fast algorithm that is mu h worse. Hen e,
the question is whether the performan e of the nearest neighbor algorithm
an be improved. Fortunately, this turned out to be the ase: in the above
experiments, we had only used a single neighbor for making the predi tions.
After seeing the result, we made a few additional experiments to probe
whether there is a han e to improve the performan e by using more than
one neighbor, whi h proved to be the ase (see se tion 6.5).

4.3 Di erent Ontology Depths
Most ma hine learning algorithms are restri ted to the use of re tangular
data, i.e., data where ea h example is des ribed with a xed number of values for a xed number of attributes. Hen e we had to implement a data
onversion routine that maps the set-valued attribute 8, whi h aptures information about the ontology, to su h a representation. The basi idea of
the mapping is to en ode ea h possible value that may o ur in the set as a
separate binary variable (the value is present in the original set-valued attribute or it is not). As the underlying ontologies are rather big, it may take
2
There will be some small additional overhead for a tually omputing the predi tions
for ea h variable, but the expensive operation is the omputation of the distan es to the
neighbors, and this only has to be performed on e.
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Measure
rmae
rmse
orr
time
rmae
rmse
orr
time

Ontology Depth
0
1
2
Ontology 0
0.630 0.658 0.692
0.579 0.623 0.753
0.638 0.603 0.541
0.84 1.16 1.97
Ontology 1
0.545 0.563 0.574
0.446 0.464 0.495
0.678 0.672 0.647
0.87 0.90 1.10

1
0.796
0.979
0.472
5.58
0.741
0.865
0.455
4.00

Table 5: Results of kNN with di erent settings of the ontology pruning
parameter
many training examples before the same term o urs another time. However, with the use of the ontologies, it should be possible to use information
about the similarity of two di erent on epts for improving the frequen y
of similarity mat hes.
Our approa h maps all on epts in the ontologies to their an estors at
a spe i ed level l and uses only the on epts at this level in a binary oding as des ribed above. More pre isely, all on epts with depth d > l are
repla ed with their an estor node at depth l. For ea h of the remaining onepts (those with depth d  l) we generate one binary attribute. In e e t, l
spe i es the deepest level of the ontology that will be used during lassi ation. A setting of l = 0 means that only the top node of the ontology is used
(whi h basi ally amounts to not using it at all, be ause all values are treated
the same). The setting l = 1 represents the setting where all on epts are
used as spe i ed and are not generalized (l ex eeds the maximum depth of
the ontology).
Table 5 shows the results for di erent settings of the ontology depth parameter. We only show the results for the kNN algorithm, but the results
for the other algorithms were qualitatively the same. It an be seen that
the use of the entire ontology (last olumn, 1) performs mu h worse than
generalizing to the rst or se ond level. Moreover, the best performan e
(albeit only by a small and insigni ant margin) is a hieved by redu ing the
ontology to a single node. There are at least two possible explanations for
this phenomenon: rst, it may a tually be the ase that the ontology information is in fa t irrelevant for the predi tion of the variables 16{19. This
would mean that the de ision on the lter settings regarding the re en y
and length of the retrieved do uments mainly depends on the hara ter17

isti s of the retrieved bat h of do uments and not so mu h on the query
on epts. This does not sound entirely implausible. Another explanation is
that in reasing the number of used on epts in the ontology will in rease the
number of binary variables that are used in the internal representation of the
data, whi h in turn means that the number of possible on epts in reases
onsiderably. As the number of available examples does not in rease at the
same time, there is more room for over tting the data, i.e., for learning a
on ept that ts the available dataset very well but generalizes poorly to
unseen examples. Also note that the run-time in reases onsiderably when
using the entire ontology, whi h is mostly due to the in reasing number of
variables that have to be mat hed.
However, it should be noted that from these results we annot infer
that we do not need the ontology. In parti ular for variable 15|the weight
setting for the query terms|the information about the query terms will be
of importan e, but it an also be expe ted to help to lter the retrieved
do uments based on their origin (server (20) and domain (21)). A possible
remedy for the over tting problem mentioned above might be to use an
adaptive pro edure that su essively in reases the ontology depth with the
number of stored examples. Thus one ould avoid the over tting problem
with few examples, but ould gradually shift to deeper and deeper on epts
in the ontology as soon as suÆ iently many training examples are available
for a parti ular user.

4.4 Summary
In summary, the results showed that learning is indeed possible on the sample user data, and that a nearest-neighbor approa h is the best hoi e with
respe t to run-time behavior and exibility. On the other hand, its performan e in terms of predi itive a ura y is inferior to a tree-based approa h,
if we only use a single neighbor for deriving the predi tion. However, we also
ondu ted informal experiments that showed that in reasing the number of
neighbors will improve the performan e onsiderably, an issue that will be
explored in detail in se tion 6.5. Consequently, we de ided to implement the
nearest-neighbor approa h in the nal prototype.
With respe t to the ontology, our experiments seemed to indi ate that
the information ontained in the ontologies is not ru ial for predi ting variables 16{19. In fa t, if the on epts are not generalized, the predi tive a ura y may even de rease, most likely be ause of over tting the low amount
of data. However, while it an be imagined that the on epts that appeared
in the query do not have mu h in uen e on a user's ltering settings for
the desirable re en y and length of retrieved do uments, the settings for
the origin of the do ument (server and domain) and, in parti ular, for the
weights of the query terms will ertainly depend on these values.
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We also did informal experiments with a logarithmi en oding of the data
with the goal of trying to exploit the fa t that di eren es in time and length
are usually more ru ial when their respe tive values are low. For example,
it may matter more whether a do ument is one week or two weeks old than
whether it is 101 or 102 weeks old. However, a few preliminary trials did
not produ e on lusive eviden e that this in fa t improves performan e, and
we de ided to not further pursue this issue. Note that the new version of
Melvil's user interfa e ( gure 1) uses a dis rete set of values that en ode a
logarithmi s ale.

5 Prototype Implementation
For reasons dis ussed above (se tion 4.2), we de ided to implement a nearestneighbor algorithm at the ore of our prototype. Overall, this seemed to be
the most feasible and most exible approa h. We will review the basi s
of this algorithm in the next se tion 5.1. However, the parti ularities of
this dataset|the presen e of more than one dependent variable and the
set-valued nature of several attributes (in parti ular of the three target
variables|for ed us to develop a version that onforms to these requirements. These modi ations are des ribed in subsequent se tions.

5.1 The k Nearest Neighbor Algorithm
The k nearest neighbor (kNN) algorithm is one of the oldest and most popular algorithms that is urrently used in ma hine learning. Early des riptions
in the statisti al literature go ba k to the 70's (Duda and Hart, 1973), a
olle tion of reprints of arti les from that period appeared as (Dasarathy,
1991). Within the Ma hine Learning ommunity, it gained popularity with
the rise of Case-Based Reasoning (CBR), the idea that problem solving is
mostly based on retrieving and adapting past experien es (Riesbe k and
S hank, 1989; Kolodner, 1992). Within the eld of ma hine learning, the
appli ation of this framework resulted in the development of instan e-based
learning algorithms (Aha et al., 1991), whi h have qui kly gained popularity among resear hers and pra itioners. A olle tion of re ent resear h and
survey papers an be found in (Aha, 1997).
Instan e-based learning algorithms are generalisations of the basi kNN
algorithm to the propositional symboli learning framework that is predominantly used in ma hine learning. In this framework, the program is given
a database of past observations (des ribed with a xed number of measurements xi , so- alled features or attributes ) and a designated dependent
variable y. The goal is to nd a mapping f that is able to ompute the lass
value y = f(x1 ; : : : ; xn ) from the feature values of new, previously unseen
observations. Both the features and the dependent variable an either be
numeri al or ategori al (i.e., its values are unordered symbols). Depending
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Figure 3: The nearest neighbor algorithm
on the nature of the dependent variable, one dis erns lassi ation (symboli
predi tion) or regression (numeri predi tion) problems.
The basi idea of nearest neighbor algorithms is straightforward (see
gure 3): given a new example for whi h we need to predi t the value of
its dependent variable (represented by di erent olor/shading), we ompute
the distan e of the example to all previously en ountered examples in the
database. The k examples that are losest are sele ted for omputing the
predi tion of the new example. k is a parameter of the algorithm. In the
simplest ase (k = 1) the value of the dependent variable of the nearest
neighbor is dire tly used as the predi tion of the dependent variable of the
example to lassify. If k > 1, the predi tions of the nearest neighbors have
to be ombined, e.g., by taking a majority vote (for lassi ation problems)
or omputing the average (for regression problems). In both approa hes,
the predi tions of the neighbors are often weighted with the inverse of their
distan e to the example (or a similar fun tion), so that nearer neighbors are
given more importan e than farther neighbors.
At the ore of the nearest neighbor algorithm is the distan e fun tion,
whi h determines whi h of the past experien es are onsidered losest to the
new example. In the simplest ase, the Eu lidean distan e is used, whi h is
de ned as
d(en ; em ) =

sX
i

(xin

xim )2

(9)

where en and em are two examples, and xin is the value of the i-th attribute
of the n-th example. As this distan e is only de ned for numeri al attributes,
it has to be generalized for the use with ategori al attributes:
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X

d(en ; em ) =

i

di (xin ; xim )o

!1
o

(10)

where di is a fun tion that omputes the distan e between di erent values of
the i-th attribute and o determines the order of the distan e fun tion (e.g.,
o = 2 orresponds to a Eu lidean distan e). The task of de ning a distan e
fun tion d for examples is now redu ed to de ning distan e fun tions di for
all attributes. The most ommon realisation is

8 jx x j
>
< max x min x ) for numeri al values
di (xin ; xim ) = > 0 if xin = xim
: 1 if xin 6= xim for ategori al values
in

j

ij

im

j

ij

(11)

It is ne essary to s ale the numeri al distan es so that 0  di (xin ; xim )  1
holds for all distan es. This avoids the undesirable e e t that attributes with
large values (e.g., do ument length) may dominate the distan e fun tion.
Another ommon enhan ement is the use of a weighted distan e fun tion:
d(en ; em ) =

X
i

wi  di (xin ; xim )o

!1
o

(12)

The weights wi an either set by the user (in ase she has some prior knowledge about the appli ation domain) or determined automati ally with a variety of te hniques. In parti ular, feature subset sele tion (i.e., the removal
of irrelevant or redundant attributes from the training examples) an be
onsidered as a spe ial ase of these te hniques, where the wi are restri ted
to the values 0 or 1. For a survey of automated feature weighting te hniques
see (Wetts here k et al., 1997).

5.2 Distan e Computation for Set-Valued Attribute
The ore of a kNN algorithm is the distan e omputation. In prin iple,
our implementation uses the distan e fun tion shown in (10) and (11) with
o = 2 for omputing similarities.3 However, this annot be dire tly applied
to attribute 8, whi h onsists of a set of numeri al values, one for ea h
3

Stri tly speaking, we implemented a version of the weighted distan e fun tion shown
in (12) but, in the prototype version, we did not in orporate any means for automati ally
setting these weights (all weights are set to 1.0, whi h redu es (12) to (10)). The main
reason why we did not implement feature weighting is that at the moment we do not have
a lear idea how this an be performed in rementally and for all tasks simultaneously
(we use the same similarity omputation for all predi tions, a ase of multi-task learning
(Caruana, 1997)). We performed a few informal experiments for adjusting the weights
with bat h data for ea h individual user, but this did not yield any signi ant results.
Clearly this is on our list for future work.
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query term. As the maximum number of query terms is nite and known
in advan e, a straight-forward approa h to handling this problem is to turn
the set-valued attribute into a number of numeri al attributes, one for ea h
possible query term. If a query term appears in the original attribute, its
asso iated value is opied as the value of the new attribute that orresponds
to this query term. The values for all query terms that were not used are
set to 0. Most of the query terms will be 0 in all examples, so that for ea h
pair of examples most of the attribute distan es will be 0 as well (in fa t,
one only needs to ompute the distan e for the union of the non-0 value in
ea h pair).
However, this approa h has some short omings: the sparsity of non-0
attribute values will be parti ularly bad when there are only a few training
examples available, be ause we need a signi ant number of previous examples for ea h possible query term in order to have a fair han e of nding
a neighbor that is reasonably lose. To solve this problem we make use of
the hierar hi al ontology whi h is available for the query terms. In analogy
to the te hnique des ribe in se tion 4.3, the similarity omputation takes a
parameter l with value 0 to 1, whi h spe i es the maximum depth of the
hierar hy that will be used. The default value of the parameter is l = 2. The
value ould be in rementally enlarged as soon as the model has in orporated
enough examples to use bigger parts of the hierar hy.
The parameter allows to redu e the number of derived attributes to the
number of query terms that appear in depths d  l. In e e t, this allows
to ompute attribute similarities for query terms that are di erent, but are
mapped to a ommon an estor at the ontology depth level. This enables the
system|to some extent|to in orporate information about the similarity of
query terms into its similarity fun tion.

5.3 Multiple Target Attributes
In prin iple, the user pro ler learns one user model for ea h user and for ea h
ontology. The latter is ne essary be ause the information ontained in one
ontology an in general not be mapped to a di erent ontology in a meaningful
way (di erent ontologies ontain di erent query terms). Thus, the program
uses attributes 0 and 5 to de ide whi h model has to be used. Ea h model
onsists of a ase base of the examples of the previous experien es of that
user with that parti ular ontology. Naturally, all values of attributes 0 and 5
are identi al for one model and an be ignored.
A tually, ea h model onsists of several models|at least one for ea h
target variable (the set-valued targets need more than one model, see below).
However, in the ase of a kNN lassi er, these models are all the same as long
as the distan e fun tion and the training set is the same for all variables.4
4
When swit hing to weighted distan e fun tions (see previous footnote) it may turn out
that the use of di erent weight sets for di erent target variables is bene ial. On the one
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This is the ase for the numeri al target variables 16{19: the algorithm nds
the k nearest neighbors in the full set of previous ases for that user and
that ontology. These values of the variables 16{19 of these neighbors are
then used to determine the predi tions for the orresponding variables of
the urrent example. The numeri predi tion for ea h of these variables is
omputed by the formula
xin =

P

jP
2N wj  xij
j 2N wj

where wj =

1
1 + d(xin ; xij )

(13)

N is the set of indi es of the nearest neighbors and i is the index of the
target attribute (i 2 16 : : : 19). Hen e, the predi tion is the average of the
predi tion of the nearest neighbors, weighted by the inverse of the distan e
of the neighbor to the example to lassify. To prevent division by 0, we
simply add 1 to ea h distan e, whi h makes the average a little smoother.
As the distan es do not ne essarily add up to 1, we have to normalize the
predi tion by dividing it by the sum of the weights.

5.4 Set-Valued Target Attributes
Additional problems are aused by the set-valued nature of the target attributes 15, 20, and 21. Variables 20 and 21 an be handled with a te hnique
similar to the one des ribed above: we unfold the variable into a set of new
attributes, one for ea h possible value of the variable. The new attributes
are binary-valued, i.e., they spe ify whether the swit h that orresponds
to this value is turned on and o . For example, for ea h of the di erent
servers that an possibly appear in the value set of feature 20, we onstru t
a new attribute that spe i es whether do uments from this server should be
ltered or not.
As des ribed in the previous se tion, we have to learn a di erent lassi er
for ea h of these new attributes. However, ontrary to the variables 16{19,
in this ase we annot simply use the same nearest neighbors for predi ting
the value of the target attribute. The reason for this is simply that the
do uments might not ontain a predi tion for this target value. This may
happen when no do uments that are relevant for the query were found on
one (or more) of the servers (attribute 20) or domains (attribute 21).
Thus, for predi ting these variables, we must not onsider the k nearest
neighbors to the query, but the k nearest neighbors that a tually predi t a
value for the sought target attribute. This is realized by sorting the examples in the urrent model by their distan e to the example to lassify and
hand, this would allow to tailor the weight setting for ea h target attribute independently,
but on the other hand it would also ost run-time, be ause the nearest-neighbor sear h
has to be performed for ea h attribute. As already mentioned, trying to optimize one
set of weights that an be useful for all tasks is an|to our knowledge|unsolved ase of
multi-task learning (Caruana, 1997).
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progressing the list in order until we have found k examples that predi t a
value for the variable in question. Of ourse, the sorted list of neighbors is
the same that is used for omputing the k nearest neigbors for the variables
16{19, whi h saves additional omputation time.
The list of values for whi h a predi tion is needed is only known at
lassi ation time, be ause it depends on the result of the query (we only
need a lter setting for domains and servers that a tually appear in the
sear h result). These request lists have to be ommuni ated to the lassi er
as additional arguments. This solution is unproblemati as long as there are
not many possible values of the attribute (as in attribute 20). For attribute
21, the number of possible values (the possible domains) an be numerous,
whi h may ause similar problems as dis ussed above for variable 8. In
the prototype implementation we have ignored this problem be ause in the
sample data we have re eived, this option was rarely used (i.e., only rarely
a user hose to lter out do uments based on their domain of origin). If
the high number of resulting variables turns into a problem, we may have
to nd a solution similar to the handling of variable 8, i.e., using some sort
of hierar hi al de omposition of domain names to generalize the domains to
groups and thus redu e the number of the variables.

5.5 Predi tion of Con ept Weights
The most ompli ated ase is the predi tion of variable 15. Here, we need to
predi t a weight for ea h query term. In prin iple, this ould be handled in
the same way the variables 20 and 21, i.e., learn a separate lassi er for ea h
query term (as dis ussed in the previous se tion). However, this treatment
would negle t an important pie e of information, namely the frequen y of
this query term in the sear h result, whi h is en oded in variable 8. Although
we an ompute similarities over this variable (see se tion 5.2), these similarities are often aggregating information (for low settings of the maximum
ontology depth l). More importantly, however, we also loose the information
whi h frequen y is the one that orresponds to the query term for whi h a
predi tion is needed.
We solved this problem by dynami ally adding a new input variable for
ea h query term lassi er. This attribute simply ontains the frequen y
(as given in variable 8) of the query term for whi h we want to predi t
the weight setting. One an imagine this situation as turning ea h training
example into q new training examples (q being the number of query terms),
where all new training examples are identi al ex ept for the addition of the
new attribute. The omputation of the similarities of the new examples an
be performed in rementally: We already have the distan es to all examples
given the original attributes. Hen e, all that needs to be done is to add
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the attribute distan e of the new attribute to ea h of the old distan es and
re-sort the examples a ording to the resulting value.5
Also note that it does not make sense to ompute the similarities between
frequen ies of di erent query terms (at least not always, see below). Consequently, only past ases where exa tly the same query term was present
are onsidered. On e more, this may ause the problem that too few past
ases that satisfy this onstraint are found. Hen e we introdu e a se ond
ontology depth parameter that ontrols the similarity omputation for this
variable by spe ifying the ontology depth below whi h all entries are onsidered equal. While a setting of 1 will only onsider previous examples that
ontain exa tly the same query term as andidates for the similarity omputation, lower settings will enlarge the set of andidates. A setting of l, for
example, will onsider all examples as andidates that ontain a query term
whose lowest ommon an estor with the urrent query term an be found
at an ontology depth of l or higher. If an example ontains multiple su h
terms, ea h one of them is onsidered. Thus, ontrary to the omputation
of the mat hing of variable 8 (se tion 5.2), hanging this parameter does
not hange the number of attributes, but hanges the number of examples
that are e e tively been onsidered as andidates for the nearest neighbor
omputation of a parti ular query term.

5.6 Relative En oding of Target Attributes
The value range of the variables 16{19 is determined by attributes 9, 10,
12, and 13. For example, the maximum threshold for the do ument length
(19) annot be set to a value that is smaller than the maximum do ument
length that is a tually en ountered in the sear h result (whi h is en oded
in attribute 13). However, there is no guarantee that the do ument lengths
in the sear h results of the nearest neighbors onform to that bound. It
may well be the ase that the value of variable 19 in all nearest neighbors
is higher than the value of attribute 13 of the example to lassify. Hen e,
the predi tion for variable 19 may be out of range. Usually, this will not
ause a problem be ause spe ifying too large a threshold will simply leave
all do uments in, but we felt that this solution is not quite lean.
Our alternative approa h is to allow an option whi h s ales these variables in a relative way. If the the user leaves the minimum threshold for
do ument length un hanged from the minimum en ountered in the sear h
result (12), we en ode a value of 0.0 for variable 18. Likewise, the maximum (19) is en oded as 1.0 if it is not hanged from the maximum value
5
The a tual implementation is a bit more ompli ated and more eÆ ient. It performs
a ut-o in the sorted list of neighbors when the value of the old distan e is already bigger
than the value of the k-th neighbor of the new distan es. A similar me hanism is used for
values of o > 1 (equation (10)).
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en ountered in the sear h result. The same situation applies to the variables
on erning the last modi ed date.
We also believe that this en oding is intuitively more understandable: in
ases where the user de ides not to lter a ording to the do ument length,
i.e., the absolute values of variables 18 and 19 are identi al to the values of
the input variables 12 and 13, the relative en oding of these variables would
be simply 0.0 and 1.0 respe tively. While the absolute values are quite likely
to be di erent for di erent sear h results, their relative en oding is identi al.
This makes the stru ture of the data more visible and fa ilitates learning.

5.7 Default Model
In several pla es, we need a default predi tion for the variables. For example, we have to rely on a default predi tion when no previous experien e is
available. This is the ase when a new model is started, i.e., when a new
user is entered or a known user swit hes to a new ontology. Another ase
for a default model is when the predi tion for a previously unseen value for
the variables 15, 20, or 21 is requested.
The urrent set of default predi tions opts for minimal ltering, i.e., it
sets the values in a way that the user sees all items of the sear h result. The
maximum and minimum thresholds for the do ument length and the last
modi ed date are set to the orresponding values in the input, whi h are
their natural boundaries. All swit hes in the variables 20 and 21 are turned
on, and all server weights are (arbitrarily) set to 0.
As mentioned above (se tion 3.3), we also used this default model as
a ben hmark for omparing the performan e of the learners. In addition
to providing a fair omparison between the lter settings with and without
learning, we felt that the predi tion of the mean is not a fair omparison
be ause it does not take into a ount that the range of values for variables
16{19 is limited by the respe tive minimum and maximum variables spe ied in the input variables 9{14. Besides, we annot ompute mean values
for ategori al variables 20 and 21, and would have had to use a di erent
evaluation measure for these ases.
We also kept the default model as a separate module so that it an
be easily hanged in later versions. For example, one ould set the values
to averages over all data from all users (but from the same ontology) or
try to nd the nearest neighbor in all data. This would implement a form
of generi user modelling. One an even think of dynami ally ombining
spe i and generi user models for deriving predi tions (e.g., by starting to
use a generi model and su essively shifting the weight to a user-spe i
model, whi h an take over entirely as soon as enough data for a reliable
performan e of that model have been olle ted).
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5.8 Implementation details
The user pro ling prototype is implemented in perl. Its fun tionality provided platform independently and transparently on the internet through a
lient/server ar hite ture written in Perl. Clients a ess the kNN servi e(s)
through TCP/IP so kets. The server listens on a TCP/IP port and deals
with requests issued by the lients. A typi al intera tion starts with a CLASSIFY request by the lient, followed by a transmission of variables 0 { 14
of the data spe i ation (Table 1). In addition, the lient has to ommuniate whi h of the sever lters (variable 20) and domain lters (variable 21)
are visible in the display, i.e., for whi h lter variables the user pro ler is
expe ted to predi t a setting. As a reply, the servers sends ba k the predi tions for variables 15 - 21. New examples an be in orporated via a LEARN
request, followed by a omplete set of variables 0 - 21.
A pro ess ommuni ation module makes the kNN algorithm available
to possibly many lients simultaneously without unintended interferen e in
the data base of learned examples. In the presen e of multiple simultaneous
lients, reading and writing of these les is subje t to lo king to prevent
in onsistent views of the data in di erent pro esses. On top of the lo king s heme we need a me hanism to signal the modi ation of the example
data base to other pro esses whi h may hold a hed previous versions. In
prin iple this ould be done via the modi ation times of the les as provided by the le system. However, this solution is plagued by the low time
resolution of one se ond and other potential laten y problems aused in
parti ular by le systems mounted via NFS. Our solution is to have ea h
pro ess tou h a le user.ontology.re ent.p, where p is the number of the
a tive pro ess, to signal that it just brought itself up to date. Any pro ess
invalidating the a he(s) by writing to user.onto unlinks (deletes) all but
its own user.ontology.re ent.p les. Thus any pro ess an he k the
re en y of its a he by verifying the existen e of its re ent le.

6 Evaluation of the prototype
For evaluating the prototype system, we mainly relied on the 154 example
data set rt2 (table 2). We performed a few trials with other datasets as
well, but, as will be ome apparent from the learning urves presented below,
50 examples are typi ally not enough for a on lusive evaluation. Note that
the fa t that we only used one ontology (BMWA) for testing should not have
a major in uen e. The program is unable to apture the semanti s of an
ontology: it only sees a tree stru ture of symbols. This property is shared
among all ontologies. Thus an approa h that works for one ontology, should
also work for di erent ontologies (although, of ourse, learning has to o ur
separately for di erent ontologies).
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6.1 Testing Strategy
As a testing strategy, we de ided to adopt a real-world s enario: ea h experiment starts from s rat h. The training examples are pro essed on-line, i.e.
the learner re eives them one by one (not in a single bat h as is ommonly
the ase in data mining). Ea h example is lassi ed by the urrent model,
i.e., using all examples that have been seen so far: example ei may use all
examples e1 :::ei 1 for deriving its predi tion. The rst example e1 is lassied by the default model (se tion 5.7). Thus, as more and more examples
ome in, performan e should improve be ause more and more information is
available for the learner. We visualize this by plotting performan e measures
(se tion 3.3) over the number of examples.

6.2 Predi tion of real-valued targets
Figure 4 shows several error graphs for variable 16. The rst graph (upper
left) shows the raw error rates plotted over the number of examples lassi ed.
It an be learly seen, that the size of the errors as well as their frequen y
are de reasing. This is parti ularly obvious when one ompares this graph
to the one on the right, whi h shows the error rates of the default model
that does not lter anything ( f. se tion 5.7). In this graph, errors o ur
mu h more frequently, and their size does not exhibit a de reasing tenden y.
Thus, from looking at these two graphs, one an already infer that learning
o urs in the left one, while it does not o ur in the right one.
This be omes learer if we look at the two graphs in the se ond row.
They show the mean error and the mean error of the default model plotted
over the training set size. They may simply be viewed as graphs that plot
the average of all values  x in the graph above as the value of x. One
an immediately see that the left urve has a learly de reasing trend, while
the right one is in reasing in the beginning but stabilizes then. The left
graph shows learning, while the right one simply exhibits u tuations of
the mean value whi h originate from the inherent instability of statisti al
estimates from only a few values. With in reasing sample sizes, the estimate
onverges towards a stable value, and this value is one order of magnitude
above the one of the graph to the left (also note the di erent s ales of the
y-axes of the two graphs!).
Re all that the values that are averaged are omputed in rementally,
i.e., after predi ting the dependent variables for a new example, the error
measures are adapted to in orporate the new results, and the example is
subsequently added to the training set. Thus the predi tion for the next
example is made with more information. Although these estimates be ome
more stable over time in both graphs, the in uen e of individual examples
is still visible. For example, the relatively big error that o urred around
example 100 ( f. the upper left graph) is learly visible in the graph below.
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Figure 4: Error urves for variable 16 (min threshold of last modi ation).
So far we always had to look at two graphs in order to get an idea on
how the learner performs with respe t to the default model. The two graphs
in the bottom row show the ratio of the mean (squared) error of the learner
and the default model. If this ratio is > 1, the default model performs
better than the learner (whi h is bad), while a ration < 1 indi ates a good
performan e by the learner. Both graphs (mean error ratios on the left,
mean squared error ratios on the right) soon onverge towards values below
1.0. The e e t of the ratio an also be seen at the above-mentioned lo al
peaks (su h as the one near 100): these are not visible in this graph, be ause
the default error at this pla e is also onsiderably high. In fa t, performan e
improves near 100, be ause some of the errors that the default model makes
in this neighborhood are not made by the learner.
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Figure 5: RMSE urve for variable 18.
Also visible is a lear di eren e between the mean error estimates on the
left and the squared mean error estimates on the right: the squared estimates
onverge towards a mu h lower value than the absolute error estimates,
meaning that the varian e of the learner's errors is onsiderably smaller
than those of the default model, i.e., the mistakes of the learner deviate
onsiderably less from the orre t value.
It should be noted that after about 50 examples (whi h would be the
training set sizes for all other users (table 2)), the performan e is still in a
relatively steep des ent, i.e., adding additional examples to the user model
may still ause signi ant performan e improvements. After the about 150
examples of this user (rt2), the performan e in rease has attened onsiderably. Small improvements an still be expe ted if the urve is extended to
the right (i.e., more intera tions of this user with this ontology are observed)
but the number of additional examples needed for su h an in rease will inrease onsiderably. The performan e is probably already lose to the peak
performan e that an be expe ted with the hosen learning ar hite ture.
The situation for predi ting variable 18 is quite similar. Figure 5 shows
the relative mean squared error urves for this variable. Again, the learner
learly exhibits a learning behavior, although in this ase, the performan e
limit is somewhat below the one for variable 16 (0.6 instead of 0.2 for the
rmse ).
Figure 6 shows the errors ommitted by the learner and the default model
for variable 17. We again see a lear de rease in the frequen y and amplitude
of the errors for the learner, whi h indi ates a good learning performan e.
However, in omparison to the default model, the learner appears to be quite
bad. In fa t, the average performan e after all intera tions (not shown) is
around 2.3, whi h shows that the performan e of the default model is more
than two times more a urate than the performan e of the learner. While
there is some truth to that, a loser inspe tion of the other urves reveals
the reason for this: the user hardly ever hanged the default settings. In
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Figure 6: Absolute error of learner and default model for variable 17.
fa t, the default model, whi h always predi ts that all the lter settings are
left un hanged from their defaults, ommits only 4 mistakes on the entire
set of 154 examples! (This an be learly seen from the three peaks on the
right urve; note that one peak onsists of two non-zero values.) Clearly,
su h a model is very hard to beat. For variable 19, the situation was similar
(only 14 mistakes by the default model).
One the one hand, these results re e t the fa t that - in this set of
experiments - we did not use a relative oding for the target variables for
the learner, while it is impli itly aptured by the default model. We dis uss
this in more depth in se tion 6.3. On the other hand, this result raises the
question whether su h a behavior is typi al for users or not. If users tend
to leave ertain parameters un hanged, the learner should provide means
for a faster onvergen e in su h ases. For example, a simple lassi ation
s heme ould be implemented that monitors the performan e of both the
default model and the learned user model and lassi es in oming examples
with the model that has worked best in the past. One ould even imagine to
implement several di erent default \personalities", and onstantly ompare
the performan e to a learned model and hoose the best. We are urrently
working on this issue.

6.3 Relative En oding
As dis ussed in se tion 5.6, we also implemented an option that allows to
use a relative en oding of the numeri al variables 16{19. In the raw data,
these en ode the absolute value of thresholds that are used for ltering out
do uments a ording to their minimum or maximum riteria for length or
re en y. A relative en oding restri ts these four variables to the range [0::1℄,
where a value of 0 means that the threshold is identi al to the minimum
value that o urred in the sear h result, while a value of 1 means that the
threshold is identi al to the maximum value. Values inbetween are linearly
interpolated. This en oding is ompletely transparent to the user be ause
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Figure 7: The in uen e of absolute vs. relative en oding of variables 16{19
on the average error. x- urves denote absolute en oding, while +- urves
denote relative en oding.
the examples are always stored in the absolute format and the predi ted
values are mapped ba k to their respe tive absolute s ale. However, the
internal re- oding has the e e t that predi ting the minimum (maximum)
of the sear h result is aequivalent to predi ting the value 0 (1), whi h an
be expe ted to be easier than the predi tion of the exa t absolute value.
The results in gure 7 show that this is indeed the ase. In all graphs,
the relative urves are below the absolute urves, signaling that the relative
en oding does indeed provide better results. This di eren e is parti ularly
lear for the maximum-threshold variables 17 and 19, where the relative
error is almost ut in half. In part, this e e t is due to a onsiderably
better performan e of the relative en oding for ases where we have only
few examples (as we expe ted in se tion 6.2).
However, part of the improvement ould also be due to the di erent nature of these variables. For example, the minimum modi ed date variable
(16, upper left) shows only a very small gain for the relative en oding. The
reason is simply that re en y has a mean value lose to today. Hen e the
linear transformation that is performed by the relative en oding maps values
lose to 0 to values lose by 0, and the performan e di eren e is only minor.
However, the maximum threshold for the last modi ed date an be ome ar32
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Figure 8: Relative mean squared error urve for variable 15.
bitrarily large, so that the relative en oding aptures important information.
Hen e its performan e is learly better than an absolute en oding, whi h is
witnessed by the lower error rates for the maximum-threshold variables 17
and 19.

6.4 Predi tion of set-valued targets
As dis ussed in se tion 5.4, variables 15, 20, and 21 di er from variables
16{19 in that they are set-valued, i.e., ea h of them an ontain an arbitrary
number of items for whi h a predi tion is required. Variables 15 requires a
separate (numeri ) predi tion for the weight of ea h term that o urred in
the user's query. Variables 20 and 21 are used for ltering out whi h servers
or domains the user wants to see (binary predi tions). Consequently, for
ea h example, multiple predi tions have to be made. We hose to plot these
results by simply on atenating all predi tions, whi h means that we have
many more predi tions than examples.
Figure 8 shows the relative mean squared error urves over the 925 predi tions that were made for the on ept weights (variable 15) of the 154
examples in the set rt2. The results are quite satisfa tory: there is a lear
improvement over time, and the nal lassi er is onsiderably better than
the default model. This is despite the fa t that the individual on epts have
a fairly low frequen y (see se tion 3.1). Thus the generalization within the
ontology that is impli itly performed by the lassi er seems to work.
With variable 20 (server lters), we had a simlar problem as with variables 17 and 19. In only two out of 2698 server lter settings, the user
de ided to lter out a server. In all other ases, the server was left on (not
ltered). However, in this ase, the learner's performan e was onsiderably
better than with the real-valued predi tion of variables 17 and 19. The
learner made three mistakes in the beginning: naturally, it did not re ognize the rst o urren e of a ltered server be ause at that point it had not
yet en ountered a ase where this had happened. However, after it had seen
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Figure 9: Error urves for variable 21. The lower urves shows the errors
that are ommited only by the learner (pointing upwards) and only by the
default model (pointing downwards).
the rst o urren e in intera tion 91, it was subsequently over-estimating
the probability of ltering and was erroneously predi ting swit hes to be o
for predi tions 119 and 214. It then re ognized that these events pra ti ally
never o ur, and, onsequently missed the next (and nal) o urren e at
predi tion 1543. In total, it made 4 mistakes, as opposed to 2 mistakes that
were made by the default model (always predi t on). We interpret this as eviden e that in a lassi ation setting, the nearest-neighbor algorithm adapts
mu h faster towards a onsistent behavior of the user than in the regression
setting that we used for variables 16{19. Note that in the latest version of
Melvil, these variables are also en oded as ategori al (see gure 1), whi h
lets us hope for additional performan e improvements on e these hanges
are re e ted in the learning ar hite ture (this is subje t to urrent work).
Finally, the relative error urve for variable 21 (domain lters) is shown in
the left half of Figure 9. For this variable, the user has hanged the settings
about 15% of time (in 15% of all intera tions with domain lter settings they
were turned o ). The learner produ es a lassi er that mis lassi es about
15% of the data, i.e., its performan e is no better than that of the default
model whi h always predi ts that the lter settings are left un hanged. This
is somewhat disappointing and we are not sure whether this indi ates that
the learning ar hite ture is inadequate or whether there simply is no relation
between the input data and the dependent domain lter settings. In the right
half of Figure 9 we plotted the error di eren e between the learner and the
default model. This gives us an upward pointing peak in ases where only
the learner is wrong, and a downward pointing peak in ases where only
the default model is wrong. Cases where both models produ e the same
predi tion (either both are right or both are wrong) are plotted as 0. The
interesting result is that the learner makes most of its unique mistakes in
the beginning, while towards the end, there is a phase where the default
34

target
15
16
17
18
19
20
21

1
0.725
0.328
4.060
0.868
4.356
3.000
1.325

3
0.591
0.209
2.297
0.581
3.112

2.000

1.125

5
0.573
0.192
1.983
0.603
3.537
1.500

1.250

k
7
0.571
0.188

10
0.570

15

20

0.567

0.567

0.599
3.657

2.013
0.589
3.860

0.190
2.191
0.609
4.128

1.500

1.500

1.500

1.981

1.250

0.185

1.300

1.175

0.197
2.391
0.621
4.211

1.500
1.125

Table 6: Average umulative RMSE after predi ting all 154 examples.
model makes onsiderably more mistakes than the learner. Interestingly,
however, there omes a short period at the very end where the learner again
performs onsiderably worse than the default model, whi h an be seen
from the upward pointing peaks in the right graph and the rise of the error
urve in the left graph. It is hard to say whether this behavior is simply a
random deviation or whether these examples near the end are systemati ally
di erent from the ones before, whi h would not allow the learner to predi t
them orre tly.

6.5 Number of Neighbors
As we already dis ussed in se tion 4, it an be expe ted that the number of
neighbors that are onsidered for predi ting the value of a target variable
has a onsiderable in uen e on the quality of the results. The use of only one
neighbor brings the danger that this neighbor is noisy, erroneous, or simply
not hosen well. The use of more examples allows|in theory|to orre t for
badly hosen nearest neighbors, be ause the next-to-nearest neighbors may
unanimously over-rule the predi tion of the nearest neighbor (or, in the ase
of a numeri target attribute, orre t the predi tion by adding their votes
to the weighted sum). However, the use of too many neigbors may result in
too general predi tions, as an be seen from the limiting ase where all the
examples are used. In this ase, the predi tions will be quite similar for all
examples and the predi tive performan e will typi ally de rease.6
Table 6 shows some results for di erent settings of k, i.e., for di erent
numbers of neighbors. The numbers are the relative mean squared error
(rmse) after seeing all 154 examples (i.e., the end points of the error urves).
In ea h line, the best performing setting of k is emphasized in bold fa e. The
6

Note, however, that not all examples are lassi ed identi ally if we are using weights
that are proportional to the distan es between examples. The reason is simply that
ea h example has a di erent distan e to the examples in the training set, and hen e the
predi tions of the training examples will be weighted di erently.
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Figure 10: Learning urves (rmse) for di erent values of k (k = 1; 3; 5) for
variables 15, 16, and 18.
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default setting, k = 3, seems to perform reaonably well over all sets, but
for some variables mu h higher settings are more appropriate. However,
the di eren es between settings of k  3 are only minor ompared to the
di eren es between k = 1 and the others. Using only a single neighbor is
uniformly the worst approa h of all.
Figure 10 shows three learning urves for the rmse of variables 15, 16,
and 18. Ea h graph ontains three learning urves, for k = 1, k = 3, and k =
5 respe tively. The graphs on rm that the di eren e between k = 1 and
other settings is very lear. They also show that this di eren e is parti ularly
pronoun ed near the end of the learning urve, when a suÆ iently large
number of examples is already present in the training set. Then it starts
to make sense to use more neighbors for lassi ation. In the beginning,
the approa hes seem to be more or less equivalent, with frequently hanging
\leaders".
There are at least two possible explanations for this:



The data is noisy. User behavior is at times in onsistent: fo ussing on
the values provided by one parti ular neighbor (as in the ase k = 1)
is probably too rude. Using more than one neighbor is able to orre t
outliers and has a higher resilien e against noise in the data (Aha,
1992).



This e e t an only ki k in if there is a suÆ ient number of data points
in the training set. In the beginning, the use of many neighbors will
typi ally result in using almost all of the examples in the training set,
thereby paying too mu h attention to distant examples.

The urrent implementation is only able to use a uniform setting for all
variables (the default setting is k = 3). The above results demonstrate that
it might be worth-while to use di erent values of k for di erent variables.
(The same argument may also apply to other parameters of the implementation, like the ontology depth, see se tion 4.3.)

7 Con lusions

uma and OFAI
are

urrently ollaborating with two organisations to adapt
the prototype implementation of Melvil into a marketable produ t in their
respe tive area of expertise. The results of the study reported in this paper
have shown us where the main e orts with respe t to improving its user
pro ling omponent should go. We determined that a nearest-neighbor algorithm is the most natural and most exible hoi e for this problem, and
investigated several design options|in luding di erent ontology depths, relative vs. absolute en odings of predi tion variables, and a varying number
of neighbors|and determined suitable settings for these parameters. We
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believe that it will be parti ularly important to fo us on the role of the ontology. Our urrent implementation allows to fo us on the upper levels of an
ontology in order to improve learning behavior. However, we urrently use
the same setting for all intera tions. It an be expte ted that a gradual shift
that allows to in orporate information from deeper levels of the ontologies
may be bene ial on e there are enough user intera tions available.
We also realized that for all variables, the learner makes onsiderably
more mistakes towards the beginning than toward the end. This is natural
be ause in the beginning the learner has mu h less information about the
user's behavior than towards the end. It annot be prevented that a model
that is learned from only one or two examples is ne essarily in orre t beause the generalizations that it makes from these few intera tions annot
be based on a suÆ ient amount of data. However, it might be an option
to onsider alternative te hniques like using a default model (or multiple
default \personalities") for lassifying the rst few examples and passing
ontrol over to the learned user model as soon as the latter proves to be
more reliable. Alternatively, one ould also onsider to use the intera tions
stored in the models of other users as a rst guess for the behavior of a new
user, while, as soon as there are more examples for this user oming in, the
ontrol may gradually shift towards giving more weight to the predi tions
of the user's own model.
In addition to the ndings of this study, we hope that our urrent ollaboration with those two organisations will provide us with valuable feedba k
with respe t to the urrent ar hite ture. In parti ular, we plan a redesign
of the input variables. These de ne the hara teristi s of the query and
the sear h results and should ideally apture all fa tors that might in uen e
a user's behavior. Our urrent set seems to provide reasonable results but
there is ertainly room for improvement. Finally, this ollaboration will provide us with the opportunity to evaluate elded implementations of Melvil on
real intera tion data, whi h will be the ultimate test for our design hoi es.
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