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Abstract the environment. The NEXUS [4] platform pro-
vides data for context-aware systems by represent-
The availability of large geospatial data from dif- ing the real world through an internaforld model
ferent sources has dramatically increased, but fobata in the world model is heterogeneous and un-
the usage of such data in geo-mashup or contexstructured. Some data items are geo-referenced or
aware systems, a data fusion component is necegeometric, others are often complex textual rep-
sary. To solve the integration issue classifiers areesentations. For an open system like NEXUS
obtained by supervised training, with feature vecit is obligatory to handle data from several data
tors derived from textual and geospatial attributesproviders, making automatic data integration an im-
In an application example, a coherent part of Gerportant task. In general, these data sets are not
many was annotated by humans and used for supezqually modeled and describe different — although
vised learning. Annotation by humans is not freelargely overlapping — sets of objects. Approaches
of errors, which decreases the performance of thétom the natural language processing and machine
classifier. We show how visual analytics techniquedearning (ML) communities can be combined to
can be used to efficiently detect such false annoaddress these new issues. However, the complex
tations. Especially the textual features introducemechanisms in NLP and ML are hard to understand
high-dimensional feature vectors, where visual anand error analysis and system optimization are not
alytics becomes important and helps to understandasy. We use visual exploration to facilitate these
and improve the trained classifiers. Particular techtasks.
nical components used in our systems are scatter- In this work we focus on the aggregation of
plots, multiple coordinated views, and interactivegeospatial data from different providers. In particu-
data drill-down. lar, each provider may have different measurements
on which they base the model, resulting in data
quality that varies from provider to provider. Our
1 Introduction goal is to create a homogeneous model out of un-
derlying heterogeneous models. A central issue is
This application paper is studying the usefulnesso find coherent instances in the different data sets.
of visual analytics for designing, debugging, and We consider data sets from two exemplary
optimizing machine-learning techniques in geospaproviders, covering the same geospatial area. The
tial text-based matching. Our group consists of exdata sets do not have the same schema, and use
perts in visualization and interactive systems, todifferent attributes. Interestingly, there are also in-
gether with machine-learning and natural languageentional differences between the data sets; e.g.,
processing (NLP) experts, and is embedded in an inproviders include fictitious objects used as water-
terdisciplinary research project that covers areas aharks. Data sets also differ in quantity due to vari-
computer science, electrical engineering, and phiations in density and types of geo-objects modeled.
losophy related to context-aware information sys-Our approach is to first create small training sets
tems. — consisting of coherent and incoherent instances
Context-aware systems adapt to changing envief the two providers — manually and then to train a
ronmental conditions, but they need information ofmodel that delivers correct coherence pairs for the
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whole data sets. After this step it will be possible
to perform an assessment of consistency and com-
pleteness of the two data sets and to derive a new
quality model for the data.

There is a trade-off between domain optimized
solutions for the given data and an approach that
can be universally used on other domains and sim-
ilar tasks. Our general approach for matching of
different data sets aims to minimize manual labor.
Therefore, we focused on developing a classifica-
tion technique that can be trained on a geograph-
ically small coherent region and yields proper re-
sults in geographically distant regions. We relied or'Figure 1: The area on the lower left side (corre-

established visualization components for a”alyzm%ponding to the German state Badefi#tiemberg)
and improving tgxtual aqd geospatial matchilng. Fofs used as development set. It is further split into a
example, 2D point and line plots, color coding, 3Dy 4ining (north BW) and a test set (south BW). The

scatterplots, and visual interaction and navigatiorbther three areas (W, NE, and SE) are only used for
techniques were employed. Where needed, specia[he final evaluation. T

ized components were added, e.g., a hyperplane vi-
sualization of classifiers.

learn a function to weight the different features. The

main difference to our work is that they do not use
2 Related Work any visual analysis, and we also have a richer fea-

ture set. A follow-up publication [9] describes, a
Visual exploration or visual analytics [13] still is an graphical tool for entity resolution. The tool pro-
emerging topic. Itis used to answer questions thajides many configuration options for user-driven in-
are hardly be solved by traditional methods. In outteractive semi-automatic matching by filtering the
case, the object of the visual analysis is the behaviahatching candidates, but it does not directly visual-
of the classifier and the properties of the matchingze all matching candidates to evaluate the classifi-
data. cation.

Manning and Sciitze [12] present a good intro-
duction to machine learning approaches, like de- .
cision trees, that are used in our work. Garg el?’ Application Background
al. [7] explain the successful combination of ma-
chine learning approaches and visual analytics; sim="
ilarly to us they use scatterplots, with focus onvisual analytics should assist the development of
navigation in high-dimensional spaces, but do notlassifiers in several tasks. First, we need visual
deal with geospatial data. Robnik-Sikonja andexploration of data to get a better understanding of
Kononenko [14] use scatterplots to compare the betheir characteristics. This leads to expert knowledge
havior of different classification methods on artifi- that can help to design features. With the visualiza-
cial data sets. Chen [2] uses visual analytics to sejon of the high-dimensional feature space the im-
lect features with high information gain to develop pact of each feature can be analyzed and optimized.
a classifier that is similar to our feature selection. Finally, the performance of the classifier should be

Previous work on matching of geospatial datagvaluated by visual tools.
includes the work of Sehgal et al. [15]. They
match data sets of Afghanistan from two differ-3'2 Data Sources
ent providers, using three different string similar-
ity measures and physical distance. First they conwe simulate the data integration with two data sets
sider each feature independently and compare difrom different providers. One data set is commer-
ferent threshold values for the corresponding feaeial and provided by NAVTEQ, which is one of the
ture. In the last step they combine the features antivo leading data providers for navigation systems.

1 Requirements



The other data set is freely available (Creative Com =
mon License) and is managed by the Geoname
project following the idea of Wikipedia. Each user
has the opportunity to add, modify, and delete data
The disadvantage of such a public collaborative re
source is that it is not clear how to define a homo-
geneous quality model and to check the consistenc
of the data set. Another disadvantage of the Geor :
ames data set is that it is based on free but inexar;
data sources. For example, the coordinates of mar.?
locations contain only hours, minutes and no sec-
onds in the sexagesimal notation. This will resultFigure 2: a) Map showing the geo-position of
in heavily rastered locations. Therefore, this is adata entries for Baden-Wttemberg from the data
challenge and stress test for our aim of finding theProviders NAVTEQ and Geonames, colored green
right corresponding data pairs. From both providerénd red respectively. b) Highlighted data items
we only use the data layers that represent village§arge blue points) have no correspondence.
and quarters. This raises also the complexity of
the matching problem because these areas constif the f | . . - ted i
tute the lowest level of administrative area and are - ¢ 'our Sample reégions IS well-connected as op
) : posed to a set of disconnected points lacking the
not well defined in many cases. . . .
local information we need for matching. Further,
each region is split into two parts: one for train-
3.3 Classifier ing/learning and the other for evaluation. In the de-
velopment phase of our work we considered only
Two village objects are a match if both refer to thethe south-west region (which is equal to the German
same real world object. For making the matchingstate Baden-Wittemberg). The other three regions
decision, we use the geospatial positions and thgre only used for final evaluation tasks.
strings of the names of the two objects. Initial ex-
periments showed thatsearch spacef 10 kilome- .
ters in the environment s sufficient to find the match® ~ Classifier
for any item. For the allowed deviation of the names
and positions no commonly usable rules can be dé4-1  Development Set

fined. But In most ca_tses_the.deuglon can _be _r_nad?he goal of the classifier is to find a one-to-one cor-
by a human judge with high inter-judge reliability. respondence between the NAVTEQ and Geonames
In some marginal cases additional sources, like thaata items. Figure 2 a) shows the distribution of
homepage of the village or an online encyclopediathe 6497 NAVTEQ (green) and the 7904 Geonames
must be considered to make the right decision. (red) data items in Baden-ittemberg. Each data
Our matching component is implemented as a bijey js drawn semitransparent with additive blend-
nary classifier that decides if a pair of village objectqng enabled. Based on the density and proximity of
from the two data providers refer to the same locay ¢4 points in region 1 (in top left part of Figure 2
tion. We use a supervised classifier that is traine%)) a good correspondence can be expected. In re-
on a manually labeled training set. gion 2 the number of NAVTEQ data items is larger
whereas in region 3 the number of Geonames data
3.4 Data Selection items is larger. This rgsults in many data items with-
out correspondence in the respective other database.
Figure 1 shows all labeled sets for our experiments.
We use data sets from four distinct regions of Ger-4_2 Annotation Process
many to compensate for differences in their regional
properties. All regions are chosen by a snowbalFor our supervised approach, we need annotated
selection process, which is used in many machinéata for training and evaluation. We have developed
learning tasks [16] as well. It makes sure that eacla tool to assist the human annotator by suggesting




possible matches. To simplify user interaction the
tool makes a suggestion for possible matching pairs
by ordering all pairs with a simple heuristic: simi-
larity of the name.

Our data sets were annotated by two annota-
tors. Although inter-annotator agreement was good
[5] (see Table 1, wherék > 0.8) is good and
(0.8 > k > 0.6) is satisfactory) the subsequent vi-
sual exploration highlighted errors in the annota-
tion. A matching candidate was defined as a match
if both annotators annotated it as a match. The

BW SE ' NE
k | 092 089 | 0.77 | 0.84

Table 1: Kappa values for annotated regions BW_. . .
F 3:C ding NAVTE dG
(Baden-Wirttemberg), SE (south-east Germany) 'gure orresponding Q and Geonames

'data items connected with lines. Automatically
W (west), and NE (north-east). found annotation errors are colored red.

annotation process resulted in 5682 correspondingnce showed that it is not possible to store all infor-
items. The remaining 815 NAVTEQ and 2222 mation in one feature. We started witim Trigram
Geonames items are highlighted in Figure 2 b)gimilarity, which is based on a trigram representa-
the non-corresponding items are concentrated in rgjon (Stuttgart > {__S, _St, Stu, ..., art, rt t__}).
gions with high density differences (compare Fig-The similarity score of two names, a variant of the
ure 2 a)). The correspondences derived by the anyccard index, is calculated by counting all equal

notation can be represented as lines as shown in Figrgrams and finally dividing them by the number of
ure 3. Corresponding items that are close togethefigrams.

result in very short lines, not prominent in the im-
age. Correspondences with large geospatial differ-
ences result in long lines, which are immediately4.4 Decision Tree Classifier

visible and can be further examined. A long line . . . . .
does not automatically point to annotation errors Ve use a J48 decision tree with pruning since its

In some cases the quality of the Geonames data gassification decisions can be analyzed and under-
bad, because it can be edited by everyone stood more easily than those of many other classi-

Annotation by humans is not free of errors. I:ig_fiers. For each matching candidate, which is a pair
ure 3 also shows annotation errors, found automaf-’f an objec_t from Geonames _aqd NAVTEQ, a fea-
ically, since each item can have at most one corret-ur? vector is calculated, consisting of the above de-
sponding item by definition. scribed features.

To compare the progress of the development,
some metric to measure the performance is oblig-
atory.

Our feature set was optimized on the development The classifier is trained to derive the same result
set of Baden-Wirttemberg in several iterations. In as obtained by the annotation process. The classi-
each iteration, we defined features that coveredier is not able to always derive correct results. The
matching candidates that were not handled correctlglassifier results can be categorized by the follow-
in the previous iteration. ing well known categories: positive (TP) — classifier

The spatial distance between the source anfindsa correspondencketween twaorresponding
destination objects is represented in thagDist  items; negative (TN) — classifier find® correspon-
log,g(distance) feature. dencebetween twaon-correspondingtems; false

The next set of features we would like to intro- positive (FP) — classifier findscorrespondencke-
duce is the similarity between names. Our experitween twonon-correspondingtems; and false neg-

4.3 Feature Design
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G e e Figure 5: Line connecting “EFRINGEN” and
o “EGRINGEN” showing a classifier error. On the

right side of the star glyph, training set flag and clas-
Figure 4: Star glyphs showing errors of the classisijfier score are displayed.
fier. Each point of the star denotes an error in the re-
spective iteration. Color coding of error types: red
corresponds to false negative, black: classifier find&igure 4 shows a classifier with two iterations that
a correspondence between two non-correspondirigses thesim andlogDist features in the first itera-
items thatboth have a Correspondenceo other tion and addltlonally th@rescoreﬁndrankfeatures
items; cyan: classifier finds a correspondence bdh the collaborative second iteration. In the first iter-
tween two non-corresponding items tthathhave — ation many correspondences are missing as can be
no correspondencet other items, and yellow: Seen by the amount of the red star glyphs where the
classifier finds a correspondence between two norfirst point of the star is present. In the following
corresponding items where t@eonameslataitem  iteration many missing correspondences are found
has a correspondenceo another item but the (red glyphs whergust the first point of the star is

NAVTEQ data item has no correspondence. present); but false positive correspondences are in-
troduced (glyphs where the first point of the star is

missing). This shows that the features are not de-
ative (FN) — classifier findso correspondencke-  scriptive enough to derive a proper classification.
tween twocorrespondingtems. When zooming in, a line connecting the two
items is drawn with the classifier score and whether
4.5 Visual-Aided Classifier Development the match was part of the training set. This visual-
ization presents all information necessary for diag-
The map-based visualization of the first C|aSSifica-nosing what went wrong in a small local region in
tion results showed that the basic algorithm is notn intuitive way. The design of additional features
sufficient because nearby classifications have an irTTor improved accuracy has been grea’[ly facilitated
pact on each other. To overcome this issue an iterapy this visualization. Certain names in the Geon-
tive algorithm [1, 11, 8] is applied. In each iteration ames database fall exactly to the same position as
the classification result of the previous iteration iscan be seen in Figure 5 where the names of the re-
taken as input. In thbootstrap stemn initial clas- gions are written next to the geo-position.
sifier is trained on the training set. This classifier is
then applied to the training set; the clas§ifigr resullt§L6 High-Dimensional Feature Space
are appended to the feature vector, which is the in-
put for the second classifier. This process can be apfter the first explorations we saw the need for
plied iteratively. Two additional features model the more similarity metrics.
previous assignments. The featyreScorevalues Now we describe 5 of the 8 string similarity
the score of the previous iteration. The more impormetrics we used in our systenfevenshtein Lev-
tant new feature is the rank valwuenk The ranking enshtein distance between the two names. The
is built over the scores of matching candidates thaboolean featur@artof: Part-of relation first splits
include the same Geonames object. names into more tokens if they contain separation
To analyze the performance of a classifier, falseharacters like parentheses, hyphens, and slashes
classifications are visualized with the error categoryand then returns 1 if one of the tokens is a sub-
being color coded. To visualize the results of eactstring of the name in the other data set and 0 oth-
iteration, we draw a star-shaped glyph whose pointerwise. Sometimes names are supplemented by ad-
denote errors in up to five consecutive iterationsditional expressions. In Germany, spa towns start



id at on  name
on 2915101 48.95  9.05  GROBSACHSENHEIM
Of 700 48.9582 9.08609 GROSSSACHSENHEIM

it=0

Figure 6: Linked views. The scatterplot on the left showing matchingidateks. True positives, true
negatives, false positives, and false negatives colored blue,resh,gand yellow respectively. The map on
the right shows the position of the selected item.

with the expressioBad For some spa towns, a the classifier we need to examine the feature vectors
variant withoutBadis used, e.g., “Urach” instead of used by the classifier. The feature vectors used by
“Bad Urach”. In the same way additional preposi-the classifier are high-dimensional, one dimension
tional phrases containing spatial information aboufor the distance, 8 dimensions for “name distance”,
ariver (“am Neckar”, compare “upon Tyne”) can beand 6 dimensions for the geospatial surrounding
added to names. As in the above case, these specifiratching candidates. We normalize the feature
cations are often used optionally. Therefore, we despace to unit size and map them to 3-space with a
fined two special similarity measurements,and modified FastMap algorithm. FastMap [6] maps
bw, that compute the length of the longest commorpoints fromn-dimensional space tk-dimensional
prefix or suffix divided by the length of the shorter space it < k) with the focus on preserving distances
name. hyphis true iff one of the names includes a between points. We modified the FastMap algo-
hyphen or a slash. rithm to take into account the user classification
The density analyses and the classification errordccording to the Supervised PCA technique [10].
of the previous features would call for features that! N€ Scatterplot showing the 159,973 feature vectors
represent the geospatial surrounding of the matcHo" Baden-Wirttemberg can be seen in Figure 6.
ing candidates. We implemented 6 features belongZ!€as€ note that on a computer screen the data
ing to this class. As an example we describe ongl€Ms in the scatterplot can be recognized much

the sim 05 feature counts other possible candidateQ€tter than on paper due to higher contrast and
in the vicinity that havesimvalue higher than 0.5. larger space. The selected negative match next to
the positive matches is a false negative classified

The errors introduced during the classificationgna that was learned by the classifier but can
can be divided in two classesystematic erors  gagily be detected in the scatterplot. By selecting a
which are I|ke_Iy to be Iearned by the classifier, andmatching candidate in the scatterplot, the map on
non-systematic errorsvhich are not learned. Non- ¢ rjght jumps to the selected position and allows
systematic errors can be detected more easily thag oyamine the neighboring items. The selected
systematic ones e.g. by examining the “false” Clas'matching candidate “GRORSACHSENEIM"—
sified items with the technique presented above. «sROSSSACHSENEIM” was annotated as no

Each matching candidate is represented as a fematch, but since the lowercase German letter 3
ture vector. To detect the errors that are learned by
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does not have a corresponding uppercase countel:
part it is written as SS when writing uppercase|
Therefore the matching candidate is a match
This is an example of the effectiveness of the
visualization in identifying possible improvements
to the underlying representation.

4.7 Decision Tree Hyperplanes

Figure 7 shows a decision tree that is used by a clas
sifier iteration. A decision tree takes a subspace
the feature vector space dimensions to classify ead
vector as positive or negative. In this case 6 of thq
15 dimensions are used by the decision tree. The

decision tree separates the space into two regionkigure 9: 6-space hyperplanes used by the classifier,
We want to visualize the separating co-dimension 1it in 3-space projection.

manifold to get a better understanding of the classi-

fier. Tibshirani and Hastie [17] illustrated individ-

ual hyperplanes as lines in 2D scatterplots, but diyolume, so that the hyperplanes project to a finite
not consider all hyperplanes defined in the decisioiyolume, which is a line segment in the 1D case.
tree. Cook et al. [3] also visualized the hyperplaneOn the one side of the line segment there are just
defined of a Support Vector Machine by points samblue points projected to, on the other side just red
pled on the hyperplane. Figure 8 shows how a depoints. Within the line segment there are blue and
cision tree separates two-dimensional feature veded points that cannot be visually separated in the
tors. The dots represents feature vectors, blue arfrojection.

red color represents the classification. The deci- Figure 9 visualizes the hyperplanes of the deci-
sion tree divides the space along the axes and sepsion tree defined in Figure 7. The feature vectors
rates the differently classified feature vectors. Sincavere projected orthogonally to the featutesen-

the feature vectors used by our classifier are highshtein logDist, andpartof. In 3-space the projected
dimensional, we need to project them to a lowerhyperplanes are illuminated and rendered opaque
dimensional space as indicated in Figure 8. The hywith the projected feature vectors. Hyperplanes that
perplanes defined by the classifier are not boundedlivide regions based on the selected features project
therefore their projection would cover the whole do-to planes in 3-space. Hyperplanes dividing regions
main. We calculate the bounding volume of thebased on other features project to volumes contain-
feature vectors and clip the hyperplanes with thigng all feature vectors that were divided by them.



5 Evaluation evaluating them on the development set (BW). The
BESTcombination contains 5 featurdegDist, lev-
This section presents the overall evaluation of ouenshtein substLeypartof, andhyph The last col-
approach. The introduced visual tools make the deamn lists the results for thEFERATIVEclassifier,
velopment of a classifier more convenient, due tavhich performs best in all cases. A further fact can
the possibility of fast and simple data analysis, anbe derived from the results: our advanced classifiers
notation assistance, and the aid in the feature deare less dependent on the similarity of the training
sign. The described visual analytics tool was develand evaluation sets, compared to 8i&PLEclas-
oped to meet the requirements for the design of asifier.
effective classifier and greatly helped in achieving The analysis of large data sets, especially by the
the following results, which represent a large im-scatterplot shown in Figure 6, benefits from large
provement in the matching process. high resolution displays. The linked view technique
also requires large space, and the ability to extend

- W the scatterplot to the whole screen was very helpful
S o W = for the exploration of the data.
S| & T 5 & Usually the NLP community uses only lists and
< = = = w .
2 s B 3 o o tables to analyze data. For the geospatial match-
) s n < om = y. geosp
BW | BW | 52.3% | 91.0% | 93.0% | 91.8% ing task these are not sufficient because the local
SE | BW | 51.1% | 86.0% | 86.4% | 86.4% interaction can hardly be represented without draw-
SE | SE | 72.1% | 88.3% | 86.7% | 90.9% ing the instances in 2D space. Also the visual den-
Y/VV BV\\//V gggﬁ; ;gg’gj géfgj ggfﬁ; sity analysis assists the finding and definition of fea-
. 0 . (] . (] . (] . .
NE T BW | 550% | 69.6% | 6679 | 82.6% tures. At Ia§t the cons@eratlon of 3D scatterplqt§
NE | NE | 28.0% | 82.9% | 82.0% | 89.1% showed obvious annotation errors that are not visi-
ble by standard NLP methods.
. isi Il .
Table 2: F-Scores%—~—ng§§:§§f:§§: ) for classifiers,
with precision: +p.p and recall:rpi ey 6 Conclusion and Future Work

From the visual exploration of the data several prop-

Table 2 presents the result of the final evaluatiorerties have emerged, which have helped to improve
of our classifier including different feature sets. Theour classifiers. First, we have shown that annota-
first row contain the results for the development setion, although well done, can be improved by find-
and unsurprisingly, we get the highest results foiing errors with high impact for the later classifica-
the methods we optimized during the developmenttion in the scatterplot. Second, the visual analysis
The following rows are of more interest. Each re-of the classification errors has helped to design new
gion is evaluated twice, first for a classifier that isfeatures to improve the classifier. Especially, false
trained on the development training set and secongositive errors that have corresponding items moti-
with a classifier that is trained on a close by regiorvated the use of an iterative classifier. In most cases,
that has probably the same characteristics. To gthese classifiers perform better than non-iterative
into more detail we pick the bold marked row for classifiers and they are robust to new domains, since
the West (W) region that was evaluated by a classithe choice of the training set is not as striking as for
fier trained on the development set (BW). The firstthe non-iterative classifiers.
result column shows the result for the simple fea- The curse of dimensionality is a major topic
ture set that can be seen as our baseline result. Thighen considering a high-dimensional feature space.
results in the other columns benefit from the previ-The scatterplot visualization helps to look at the
ously described visual-aided methods to get morgight spot but does not separate the matches from
sophisticated feature sets. In tAtL case all re- the non-matches entirely. On the other hand if a
vealed features are used in one feature set. Thegeparation in a 3-space projection would exist the
ALL feature set s further outperformed by BEST  solution to the classification problem would be easy
feature set that was identified by selecting all posto find, making the problem less interesting.
sible subsets of the 15 features as feature sets andIn general, visual analytics tools have helped the



domain experts in NLP to develop and improve a
classifier, as demonstrated by substantial improve-

ments of the F-score results. Mostly, well known [7] S. Garg, J. Nam, |I.

visualization component could be used, such as 2D
plots, glyph plots, scatterplots, navigation, and in-
teraction techniques. However, some specific vi-
sual mappings had to be developed, in particular,[8]
for visualizing high-dimensional feature space and
decision-tree hyperplanes. Data handling (loading,
conversion) also had to be adapted. Therefore, a
mix of code reuse and new software parts has been
useful in this application.

A future goal is to apply our approach to broad
data integration tasks, like combining other data
set such as Points Of Interests (POIs) of different
providers. Such data could also be augmented with
Wikipedia data, which also work with geospatial [10]
references.
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