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Executive Summary

This report on methods and tools for user feedback analysis starts with a detailed presentation
and categorisation of user feedback data types and a discussion of the various kind of objectives
we face when dealing with this data. Then, we present new methods to analyse feedback data and
evaluate them. Finally, we show how this methods fit in the WeKnowIt Collective Intelligence
approach and how the WeKnowIt use cases can benefit from this technology.

The overall objective of WeKnowIt is to develop technologies to exploit the distributed knowl-
edge of large communities. The mentioned knowledge will be provided in various “encodings”
(e.g. text, speech, still images, videos, ratings, relations), result of different kind of system usage
(media upload as well as media download, ratings of media items), can be original knowledge
(uploaded image) or derived knowledge (rating of a media item) and can be explicitly provided
or can be implicit and just accessible through the observation of user actions.

Mass interaction feedback analysis aggregates the feedback of many users and derives its con-
clusions e.g. from structures or similarities in this data. This means, the analysis aims to remove
the noise, i.e. the randomness. As a result we obtain results that the majority of feedback
providing users implicitly or explicitly “agrees on”.

The WeKnowIt platform we develop will encourage users to interact with the system. From one
user’s login to the system to his or her leave (a session) we can consider all interactions with the
WeKnowIt system as a continuously flow of feedback. Even non-interaction is feedback. E.g. if
a user views a page or not can be regarded as feedback on the page’s perceived utility.

As users continuously generate new feedback we have a steady increase in the amount of infor-
mation we can exploit. Especially when the analysis should support emergency reponse, time is
a very crucial issue. The stream of feedback will in some way reflect the course of events in an
emergency situation and so should the analysis.
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Abbreviations and Acronyms

RRW Restricted Random Walk
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1 Introduction

1.1 User Feedback Analysis

When users interact with online or offline software applications we can - in the most broad sense
- regard all user input as feedback of this user to the system. Even the lack of explicit user input
can be regarded as a form of implicit feedback. As the interaction between user and system is an
ongoing process and not a single point in time, users always generate streams of feedback data.
And this streams of feedback data are our object of study.

Depending on the desired results, we can analyse explicitly provided feedback or derive implicit
feedback from any system interaction. To give an example, imagine we are operating a travel
website and want to provide recommendations for destinations “similar” to that one a user cur-
rently views. We could ask users for their recommendations and aggregate that data. Then, we
have explicit feedback from users that we use to provide recommendations to other users. An-
other way to receive feedback would be to analyse the surfing behaviour of users. We can assume
that web pages describing travel destinations that get viewed in one web session have something
in common. A user browsing on the travel site searching for a destination for the next vacation
will usually search for a specific type of destination (e.g. a trip to a Mediterranean beach or a
city trip to Scandinavia) and will not randomly view web pages. Although the user does not
provide explicit feedback on similar destinations, we get implicit feedback from observing the
browsing behaviour.

The objective of mass user feedback analysis in general is to aggregate the feedback of many
users (thousands, tens of thousands or even hundreds of thousands) and to find the common core
of all provided data. Feedback data is usually not 100 % precise. It is full of noise - e.g. explicit
feedback with human errors or implicit feedback where we wrongly interpreted the meaning of
the observed behaviour.

1.1.1 Bias in feedback data

The feedback provided by users can be heavily biased by incentives of various kind. Implicit
feedback is less affected by biases than explicit feedback. For feedback on the quality of a hotel
there is a strong incentive for hotel owners to provide positive feedback for their own hotel and
negative feedback for those of their direct competitors. To receive reliable results it is important
to design the feedback system in a way that minimizes the expected bias. We could try to detect
biased data and exclude it from the further analysis, but it is more promising to prevent biased
feedback right from the start.

We want to emphasize that a scientific approach to the analysis of feedback starts way before
developing algorithms. Especially because this report concentrates on the describtion of methods
to find information in data it is important to note that these technologies are just one element of
a successful system. Regulating the incentives to provide feedback is just as important.

Imagine a city wants to motivate its citizens to provide feedback during an emergency, even if
they do not require immediate help, and promises a reward of 1 EUR for every submitted image
of an ongoing emergency situation. Apparently, there is a motivation to upload as much images
as possible - regardless of the seriousness of the observed situation. From this striking example
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it is easy to see that wrong incentives can lead to an undesirable feedback behaviour. Many other
less obvious incentives can result in distorted information input as well.

This short excursus should show that analysing the data is just half of the job. For an overview
to the other half we refer to literature on mechanism design problems. A dicussion of the mech-
anism design problems for recommender systems can be found in [16]. For the interpretation of
clickthrough data see [13].

1.1.2 Feedback analysis and the WeKnowIt system

Analysing implicit feedback is very tempting because it does not require additional effort to gen-
erate the data. In the WeKnowIt system different kind of user input gets collected. Analysing
this already available feedback means that more knowledge can be generated without the re-
peated problem of animating users to provide more input. And implicite feedback is usually less
vulnerable for biases because users are not aware that they give feedback.

1.2 Analysis of event streams

Usually, when we analyse data the complete data set is known from the beginning. Either we
have data with no time-reference or our data set comprises the collected data of some period
of time in the past. However, when we need analysis results while new data is arriving or if
we explicitely want to analyse the dynamics of the feedback data, we have to deal with event
streams. This means we receive the data piece by piece and while we receive new pieces of
information we continuously update our analysis. Especially for the emergency use case of
WeKnowIt, we need to provide analysis results while the emergency is happening and cannot
wait until it is over and the dataset is complete.

One way to deal with evolving data sets is to collect all events until a defined point in time and
process this data. To update the results the old results will be revoked and the same methods as
before will be applied to a dataset that contains all events until some later point in time. The
drawback of this approach is that a lot of data has to be analysed repeatedly.

A second approach to analyse event streams is to perform incremental analysis. The updates
will be generated just by adjusting the former results to the changes that have accumulated
since the last update. If processing of all accumulated data takes more time than the desired
update frequency we have to apply incremental update algorithms. Otherwise (when time and
calculation costs are not critical) we can stick to the usually better studied and more established
methods for the static data analysis.

As we want to be able to process a huge amount of data and provide a very short update fre-
quency, so that we e.g. can provide the emergency response personnel with the very latest
information as fast as possible we researched incremental update algorithms for the analysis of
user feedback data.

We focused our research on processing streams of feedback data by means of cluster algorithms.
Clustering is a very broadly applicable approach to data analysis. General clustering algorithms
do not depend on tight assumptions about the nature of the input data and so we can use one
technology in many different application scenarios.

Page 8



D3.2 - V1.0

1.3 Related Work

Analysing feedback data is a very broad field of research. For every kind of feedback and
objective there is a research community searching for methods to find the desired information
in that data. We restrict our general overview to some examples of feedback analysis and will
provide an in-depth overview of related work for the focus technology of this report - incremental
cluster update algorithms - in section 2.2.

Relevance feedback analysis (which used to improve the quality of information retrieval) has
been researched for about 40 years. One of the early works has been published by [17]. In-
cremental algorithms have been developed e.g. by Aalbersberg [1] and Allan [3]. Although
relevance feedback analysis is designed to work on the feedback of just one person, the latter
works are of interest as they incrementally process feedback data. An example for using implicit
relevance feedback data is the work of Agichtein et al. [2]. They analysed the user behaviour
on a web search engine to improve the ranking of results. An overview of methods to infer the
relevance of retrieved information from implicit feedback provides [14].

Most recommender systems work on feedback data, too. An example for a recommender system
using explicit feedback is Grouplens [15]. One application of this collaborative filtering system
is movielens (http://www.movielens.org). It uses the explicit ratings of movies to recommend
to users movies that are rated best by other users with similar rating profiles. An example for a
recommender system exploiting the implicit feedback of users from online library catalogs for
book recommendations is described in [12].
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2 Dynamic Graph Clustering

2.1 Graph clustering

A network representation of feedback data is very intuitive for several kinds of implicit and
explicit user feedback as networks model relations between entities. This can be illustrated by
the following example.

When users surf on a web site and view a series of pages we can assume that those pages are
somehow related with regards to content. To reuse the example from the introduction, if some
user browses on a travel site and views detailed description pages of a number of travel desti-
nations, we can assume that these destinations have in some way a closer relation to each other
than randomly picked ones (from the viewpoint of a particular user). Our network representation
of page view behaviour is that all those pages are connected by a link that have been viewed in
one user session. We receive a co-view network.

Usually, we have some randomness in our feedback data. In the aforementioned example, users
could search for different types of destinations in one session or just have followed a link by
mistake. When constructing a network we can aggregate the feedback of many users and weight
the links between the entities of a network on basis of the aggregated feedback. By means of
clustering we than are able to extract those connections we estimate to be non-random.

Clustering gives insight into the structure of networks by identifying “natural groups”of entities.
The interpretation of the meaning of entities beeing in the same, respectively in different clusters
depends on which information as been modeled in the analysed network.

2.1.1 Abstract problem describtion

A formal model for networks are graphs. A graph represent the entities and their relations by
means of vertices respectively edges. We denote a graph as G = (V,E,ω), where vi ∈ V is a
vertex, e = (vi,v j) ∈ E a directed edge, e = {vi,v j} ∈ E an undirected edge, ωi j the weight of
the edge connecting the vertices vi and v j. Henceforth, we just use edge weights greater or equal
zero: ω : E→ℜ

+
0 .

Clustering means partitioning the vertices in groups of “closely related” vertices. We denote
the set of clusters as C = (c1, ...,cn) and the assignment of vertices to clusters as p : V → C,
p(vx) = cy1, ...,cyn. There is no general definition of “closely related”. The usual requirement
for good clustering is intra-cluster density and inter-cluster sparsity. That means, there are many
connections between vertices within one cluster but few connections between vertices in differ-
ent clusters.

Clustering can be overlapping (each vertex can belong to more than one cluster) or non-overlapping
(each vertex belongs to exactly one cluster). Some fuzzy graph clustering methods measure for
vertices the degree of membership to a specific cluster. The applicability of the various cluster
methods depend on the desired result and on the available data.
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2.2 Dynamic clustering algorithms

This section will give an overview of incremental cluster algorithms for dynamic (evolving) data
sets. When a graph gets altered, we can distinguish two types of changes: changes in the set
of vertices and changes in the set of edges respectively the edge weight function. Not every
dynamic graph clustering algorithm is able to handle both types of changes.

Zhang et al. [20] developed the BIRCH algorithm, that can cluster data incremently if additional
refinement phases will be omitted. However, updating existing clusters produces errors that
accumulate over time. Therefore, reclustering the complete data set once in a while is necessary
to limit the amount of accumulated error. The idea of BIRCH is not to re-read vertices when
updating the clusters but instead work on the clusters by representing them by a metric space.

Aslam et al. developed the star cluster algorithm [4, 5, 6]. Clusters consist of all vertices in the
neighborhood of a cluster center. The clusters centers are the vertices with the highest degrees
that are not already part of another cluster with a center with a higher degree. The algorithm
is capable of incrementally updating the clustering on insertions and deletions of vertices and
edges. One major downside of this method is the explicit structure of the clusters. Generally,
star clusters will usually not reflect the intuitively expected groups in social networks.

Another algorithm for clustering dynamic datasets is the GRACE/GRIN algorithm by Chen et
al. [7, 8]. The algorithm is based on an analogy to gravity. The method is only capable to handle
insertions. The GRIN algorithm assigns new objects to existing clusters if this complies with the
spherical shape requirement. Otherwise, clusters need to be resized or objects will be declared
as outliers. Regular reclustering is an explicte part of this algorithm. If the number of outliers
that could not be assigned to any cluster exceeded a threshold, the GRACE algorithm is used to
recluster the data.

An incremental version of the widely known DBSCAN algorithm [18] has been developed by
Ester et al. [10]. The idea of DBSCAN is to define clusters as regions with high local density.
Objects within one cluster must be directly density-reachable or reachable via a chain of inter-
mediate objects. One object is density-reachable by another object if it is within a specific radius
and a minimum number of other objects are also in this area. The incremental DBSCAN algo-
rithm support insertions and deletions and exploits the locality of the density-reachable function.

2.3 Stability vs. plasticity

Duda et al. [9] discussed the important issue of the diverging objectives of stability and plas-
ticity. In this context, stability means that clusters remain unchanged when the changes to the
underlying graph are minor. In contrast, plasticity means that the clustering should reflect the
available data as accurately as possible and should not depend improperly on previous states of
the graph.

Of course, there is a tradeoff between stability and plasticity. The more stable a clustering is
the less accurate it can adapt to changes in the data set. Clearly, the optimal balance between
stability and plasticity depends on the specific application scenario.
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2.4 Incremental restricted random walk clustering

2.4.1 RRW Clustering

Restricted random walk clustering takes directed or undirected graphs with a similarity function
as an input. An edge weight function assign some kind of “costs” to edges that arise when the
edge is passed. For example, the natural edge weight in a highway network would be distance.
On the contrary, a similarity function does not describe distances (or costs etc.) but proximity.

Restricted random walk clustering works with so-called walks. A walk is a series of vertices
that is constructed as follows: Starting at some initial vertex the next vertex in row is chosen
randomly among all connected vertices that are reachable via an edge whose weight is higher
than the weight of the edge used to get to the actual vertex. The walk ends at the point where
no adjacent vertex meets this requirement (see 1). During the walk the weights of the edges
used to walk through the graph always increase. As the edge weight should be a measure for the
similarity (not the distance!) of the adjacent vertices the vertices at the end of the walk are more
similar than those at the beginning. Accordingly, succeeding vertices at a high step number in
a walk are very likely to be much more related than other vertices in their neighborhood. The
longer a walk the more reliable is the inherent information on the relatedness of succeeding
vertices.

Figure 1: Decreasing search space during restricted random walk

To explore the structure of the graph, k random walks start at every vertex. Clusters can be
extracted from the walks by a method called walk context clusters [11]. A cutoff level l is
defined to disregard vertices that appear at the beginning of a walk where randomness has greater
influence. For a given vertex vi all vertices that appear after step c in any walk where also vi
appears after step c are regarded as a cluster. A uniform value for the cutoff level l causes
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problems in graphs with sections of varying walk length. Therefore, l should be adapted to the
local walk situation by using l = (step number)/(walk length+1).

The walk context clusters are overlapping. An alternative approach produces non-overlapping
clusters [19]. From the original graph G = (V,E) a series of subgraphs Gk = (V,Ek) are created
that contain all edges that have been used in the k-th step of any walk. The union of all graphs
Gk with a k greater or equal a level parameter l gives a second series of graphs Hk =

⋃
∞
l=k Gl .

The connected components of Hk are the clusters for the parameter k.

The component clusters have the disadvantage that they produce large clusters if some bridge
vertex connects otherwise marginally connected groups of vertices. The walk context clusters
do not tend to bridging as much as component clusters.

2.4.2 Incremental update algorithm

In the last section we described how clusters can be generated from random walks on a static
graph. Next, we show how to incorporate insertions, deletions and changes in the similarity
matrix.

Changes in the similarity matrix can lead to two situations: 1. A random walk can follow new
pathes 2. Some once legal successors become illegal. In the first case the update works as
follows: We need to identify all transitions (edges) that after the similarity change have at least
one new possible successor. We denote the weight function after the update as w

′
. The set of

new possible successors of an edge (vi,v j) is given by the following formula:

si j = {(v j,vk)|w
′
jk > w

′
i j∧w jk ≤ wi j} (2.1)

For all walks that contain an edge (vi,v j) with si j 6= /0 we need to adapt the walks to receive a
probability distribution of the walks that we would have received if the change in the similarity
matrix would have taken place before the determination of the original walk. If we denote
Ti j as the set of possible successors of (vi,v j) before the similarity update and T

′
i j as the set

of possible successors after the update then an affected walk needs to be truncated after the
transition from i to j and continued by one of the new possible successors with a probability of
P(change) = 1− |Ti j|

|T ′i j|
.

In the second case, when certain transitions become illegal, we once again need to find all
affected walks and update them. The walk will be truncated before the illegal successor and the
original algorithm can be used to continue the walk on another path. Successors become illegal
when they no longer have a higher weight as the preceding transition. If an edge weight has been
increased, a potential cut has to be applied after that edge. In case a edge weight was decreased
a walk might have to be cut before this edge.

Beside handling the change of edge weights, insertions and deletions of vertices have to be
processed. For every new vertex we need to start a specified number of walks at this vertex
using the original algorithm. Additionally, the edges of the new vertex have to be updated as if
they were edge weight changes. Deletion of vertices are handled in a similar way. The walks
starting at this vertex will be deleted and all walks containing the deleted vertex must be updated
as described for illegal successors.

Page 13



D3.2 - V1.0

This update procedure results in the same probability distribution for the random walks as the
original algorithm with the additional information would have resulted in. That means, updates
do not produce errors and no complete re-clustering is needed to keep the effect of accumulated
errors low. For the proof of the equivalence of the probability distribution of the update algorithm
to the original algorithm see [11].

This incremental update algorithm is the first fast update method for graph clustering that sup-
ports insertions and deletions of vertices and edges and works without regularly reclustering all
accumulated data.
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3 Reference Implementation

For the evaluation of the algorithm we have written a reference implementation. The two main
requirements for this implementation were a high update performance and the ability to work
on very large graphs. To fulfill the second requirement, keeping the data in main memory was
no option. The main memory has a very low size compared to other forms of data storage
(hard disk drives, solid state drives). Therefore, the reference implementation operates directly
on a relational database. The database management system (DBMS) in our test environment
is PostgreSQL 8.3. This DBMS is able to manage table sizes up to 32TB. For the intended
usage we will not be restricted by storage limits. However, access times and tranfer rates are
significantly lower than those of main memory. The operating system caching mechanisms ease
this problem. So, available main memory increases the performance but does not limit the size
of the network we are able to cluster. The skillful choice of indexes for the database tables is
essential for a good system performance.

Our implementation consists of two main methods. The initial walker mechanism and the up-
date mechanism. The initial walker creates the restricted random walks for the first time. This
mechanism starts at each vertex a predefined number of walks and stores them in the walk ta-
ble of the database. The update mechanism reads the changes in the graph from a delta table,
updates the graph table and updates the walks from the walk table if necessary.

The delta table operates as a cache to store all changes until the next update. The decision
when to update the clustering depends on the requirements of the application calling the update
mechanism. In some application scenarios nightly updates might be appropriate to minimize
the database load during daytime. In other scenarios it might be best to run updates after every
change in the data set to have the most up-to-date clustering at any point in time.

The walk context clusters can be extracted as they are needed. We are dealing with clusters from
the perspective of vertices. That means, for every vertex we generate a separate set of vertices
that are regarded as the cluster of the particular vertex. Constructing the cluster for a single
vertex is fast. Therefore, we do not need to update all prospective clusters for all vertices after
updating a vertex if we do not need them. According to the application scenario we can restrict
this to the vertices of interest.

3.1 API

For the further usage within the WeKnowIt use case implementations the restricted random
walk clustering algorithms can be accessed via an API. All functionality is bundle in the class
RRWClustering.

The constructor of RRWClustering creates a connection to the database. Therefore, server name,
database name and login credentials must be provided. Users of the API must provide credentials
that have sufficient rights for all database operations invoked by any method of RRWClustering
called latter on.

Three methods are provided to store the graph. While addVertex can be used at any time to
insert a new vertex into the graph, addEdge may only be used to insert edges before the initial
calculation of the clustering. After the initialization the edge weights must be updated using
updateEdge. UpdateEdge must be used to insert a new edge after the initialization as well. This
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methods stores the changes in a delta table and the graph and the clustering will not be changed
until update is called.

The methods init and update are used to initially calculate the clustering respectively to update
the clustering after changes of the graph. Update processes all changes since its last call.

The method getSameCluster return all other vertices in the same cluster as the vertex with the
given ID. The parameter minLevel has to be a value between 0 and 10. It is the level parameter
l of the walk context cluster algorithm we use in this method.

The last two methods are provided for convenience. The method createDatabaseTables can be
used to create all necessary database table. Existing tables with the same names as the ones to
create will be dropped. The second methods, clearAllTable, just deletes all data from all tables
used by the rrw implementation. This methods require that the provided login credentials have
sufficient rights for this operations.

3.2 Usage example

The following example shows how the API can be used to cluster a network and update the clus-
tering after a change in the graph. This example presumes that there is a method printSameClus-
ter that prints all elements of a list to the standard output. Then, this example creates a new
instance of RRWClustering and fills it with initial data, clusters the graph and print out all ver-
tices that are in the same cluster as vertex 1. Afterwards, the graph is altered, the clustering is
updated and the all vertices that are now in the same cluster as vertex 1 are printed to the screen.
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public static void main(String[] args) {
RRWClustering rrw = new RRWClustering("postgresql.weknowit.eu",

"database_1","user_1","password");
rrw.createDatabaseTables();

/* Create random network */
rrw.addVertex(1);
rrw.addVertex(2);
rrw.addVertex(3);
rrw.addVertex(4);
rrw.addVertex(5);

rrw.addEdge(1,2,1);
rrw.addEdge(3,2,2);
rrw.addEdge(4,3,1);
rrw.addEdge(4,5,1);

/* Cluster network */
rrw.init();
printSameCluster(rrw.getSameCluster(1),5);

/* Change network */
rrw.updateEdge(4,3,2);
rrw.updateEdge(1,5,3);

/* Update clusters */
rrw.update();

printSameCluster(rrw.getSameCluster(1),5);
}

4 Performance test

Performance is critical for processing feedback streams. For the evaluation of the run time in
a life setting it is important to notice that not every update also forces to update the walks.
Therefore, not every update changes clusters. The run-time of incorporating a single update
differs heavily depending on the need to update a walk.

We set up a test to determine the update time for the incremental cluster algorithm. To test how
the algorithm performs under very challenging situations, we used the largest dataset we could
obtain. For that reason, we took a data set from the University of Karlsruhe library OPAC (online
public access catalog). This data set consists of roughly 500.000 vertices and 20 million edges.
In this data set vertices are library items (usually books) and edges indicate that a OPAC user
visited the detail pages of both adjacent books in one online session. The type of data is e.g.
what we would receive if we log user behavior on a travel site. We could cluster those data to
identify similar travel destinations and build a recommendation service with this results.

We added to the initial set of feedback data (consisting of seven years of OPAC user data) chunks
of additional data (each consisting of the feedback of one month). On average, only 3.17% of the
similarity changes required a walk update and our implementation was able to process a single
update in 155 msec. That means, we can process several user feedback updates per second. This
is a sufficient capacity even for emergency situations with sudden peaks in user activity.

One circumstance of our studied test scenario contributes to the good performance of the algo-
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rithm: If we have a low number of accumulated feedback updates to process, the probability that
a new feedback forces to update walks is high. But if we already have a lot of feedback and the
similarity graph is large, each additional feedback triggers a walk update only with a low proba-
bility. Altogether, while the costs for updating walks and re-creating clusters increases with the
number of feedback units, the probability that this operation is necessary decreases.
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5 Application scenario

The application of mass user feedback analysis for generating destination recommendations on
travel websites has already be mentioned in the first section. This application idea refers directly
to the user requirements analysed in the deliverable D7.2 (ER/CSG case study design and spec-
ification). To show the significance of the developed technology to the Collective Intelligence
approach of WeKnowIt, we will present another application scenario where Media Intelligence
will be enriched by Mass Intelligence.

5.1 Collective Intelligence scenario

In the emergency response use case of WeKnowIt the developed services and the system at a
whole shall support emergency response personnel and the public by providing information of
various kind. This information shall empower officials and citizens to appropriatly react on the
emergency situation. From an improved information situation all sorts of possible sources of
error can benefit: effort allocation, collaboration and general decision making.

During a major emergency the situation will usually constantly keep changing. One threat gets
resolved or maybe vanishes by sheer chance while another threat arises. During a flood an
endangered dam might break, be repaired by local residents or the threat may disappear as the
water pressure decreases because of a dam break at some other place or less replenishing water.
For emergency response personnel it is very important to have a reliable and up-to-date picture
of the situation. Available personnel and equipment is mostly scarce so that operations planning
can not afford sending relief units to no longer existing risk situations.

One component of a system for the aggregation of the current emergency situation could be a
module for the automated analysis of user media submissions. The WeKnowIt system will sup-
port uploading media items (image, audio, video). Users can provide other users or emergency
response staff with this information. Additionally to the manual utilization of this information
we propose a service that automatically analyses the data for identifying upcoming changes in
the situation. For this service the mass feedback analysis will take tagged media items as an
input. Images, videos or audio files can be annotated with tags so that beside the pure media
content there are additional meta data available describing the content of the media. From expe-
rience we know that users annotate uploaded media only partially and incompletely. Therefore,
in WP2 a service will be developed for automated tagging of media. Because of this service, all
media uploaded to the WeKnowIt system will be annotated with tags at the latest after having
been processed by the media tagging service.

From the stream of user uploads we can analyse the derived stream of tags. When one media
item is annotated with more than one tag we can assume that these tags have some kind of rela-
tion. The tags will probably describe a place, an event and/or an effect. From this cooccurance
knowledge we can build a graph of tag cooccurences. For an example see figure 3. With every
new uploaded and tagged media item we get new feedback that we incorporate into tho cooc-
curence graph (thick line). By incrementally updating the clusters we know at any point in time
which tags are closely related. If in our example “passable” is new in the cluster of “High street”
after a cluster update this is an indication that the situation “flooded” (which got connected with
“High street” at some time before) changed.

For an emergency response officer the knowledge about which tags are associated is too detailed
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Figure 2: Service composition to yield a situation evolution monitoring service

Figure 3: Example of a tag cooccurence network.
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of information to be of any practical value. But if we list the cluster changes after each update
we are able to restrict the amount of information to what is important. Changes in the relation
of tags will reflect a change in the situation. Therefore, we are able to detect new situations as
soon as a significant amount of media recording that situation has been uploaded.

5.2 Further application plans

The fast cluster update technology can be exploited in task T3.4 for mass evolution analysis,
too. Analysing the evolution of data means for example the identification of trends. The walk
context cluster approach to generate clusters from restricted random walks provides information
on how strong a vertex belongs to the cluster of another vertex. The evolution of this information
indicates how the relation of two vertices changes over time.
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6 Conclusion

In this deliverable we presented new methods of user feedback analysis. We put the emphasis
on the analysis of streams of user feedback data. To provide analysis results as fast as possible
feedback data has to be analysed as it gets generated. Usually, the most efficient way to analyse
data streams are incremental update algorithms. A general purpose method for data analysis is
clustering. Clustering graphs provides insight to the structure of the relations between the mod-
eled entities. The presented incremental update algorithm for restricted random walk clusters is
able to integrate new information on the relationships of entities as they get available. With this
technology all sorts of streams of data that contain information entities and their relations can
be processed efficiently.

As an example of an application scenario we presented an scenario for feedback analysis meth-
ods in an emergency response use case to demonstrate the applicability of the methods to We-
KnowIt. The value we believe this service bundle could provide, results from its Collective Intel-
ligence approach. Only the smart combination of different intelligence layers is able to provide
valueable and ready-to-use information without the need of human intervention. We showed,
how WeKnowIt Mass Intelligence technology can be used to provide emergency response teams
with instant updates on changes of the emergency situation by automatically exploiting incom-
ing tag streams. Those tag streams can be generated by the automatted tagging service of the
Media Intelligence layer that processed streams of incoming media items (image, video, audio).
Those media tags will be analysed to identify closely interrelated tags. As new interrelations are
likely to be caused by changes in the emergency situation, the tag cluster analysis could support
emergency officers to keep track of the situation.
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