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This deliverable presents the evaluation of the TrendMiner tweet summarisation systems using
a gold standard data set. The results show that the best approaches considerably outperform
strong baselines, using the MAP and ROUGE-1 evaluation metrics. We carried out also a limited
user-based study, which unfortunately could not verify the results from the automatic evaluation
experiments. Following a discussion with the political use case partner involved in the user-based
study, we concluded that either the requirements of the political use case itself, or the criteria
used to identify tweets that meet those user needs, may have changed since the gold standard
used for automatic evaluation was created initially.

D4.3.1 also evaluates the performance of the multi-paradigm indexing tool described in deliver-
able 4.2.1, to inform our design of indexing configurations that are able to sustain throughput of
millions of Tweets per hour, as required for (near) real-time tweet analysis.
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Executive Summary

A number of tweet summarisation techniques have been proposed for the exploration
of content related to the task of socio-political analysis and exploration. We focus on
re-ranking whole tweets (as opposed to textual summarisation), and have developed, in
collaboration with partners in the domain, a gold standard for tweet recommendation,
where tweets are first selected according using named entities from a comparitively large
background corpus, and then annotated for relevance.

Our tweet ranking gold standard will be made publically available, and has been used
to automatically evaluate the performance of a number of tweet rankers, including a selec-
tion of approaches from the related work and strong baseline methods. We found, using
ROUGE and MAP, that applying dimensionality reduction with topic models prior to the
centroid algorithm could significantly outperform all other evaluated approaches, for our
data set.

In order to evaluate further and more rigorously, we designed and carried out an of-
fline user study, showing the output from our best approaches to between two and three
annotators, who each gave subjective judgements on them in terms of utility, redundancy,
completeness and preference. On the 17 documents and collections of 5 corresponding
summaries, it was found that a random baseline was preferred on average above the best
performing centroi ranker, though we could not state the significance of the preference.

It is possible that the information needs of the partner that generated the gold standard
have changed over time. We partially verified this by allowing them to reannotate some
tweet sets from the original gold standard, finding only weak agreement between the two
sets of judgements by the same annotators. More qualitative research may be needed to
discover the source of these discrepencies.

In addition, this deliverable describes an evaluation of the performance characteristics
of the multi-paradigm indexing system described in deliverable 4.2.1, which determined
that the system can sustain indexing rates of millions of Tweets per hour when configured
appropriately. If a single index is insufficient for a given data rate the system can be
transparently scaled by adding more indexes working in parallel, but presented as a single
federated index to clients.
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Chapter 1

Introduction

In deliverable 4.1.2 the problem of information overload for tweets was outlined and sev-
eral candidate systems were developed. D4.1.2 also reported on some prelimary automatic
evaluation of these methods, reporting simple Mean Average Precision (MAP) results for
a gold standard data set produced by SORA.

In this deliverable, we expand the evaluation of the proposed summarisation systems
considerably, reporting the results using more principled evaluation metrics, investigating
powerful baselines and performing a small scale user-based evaluation experiment. We
argue in Section 2.1 that the MAP evaluation metric is very limited, when applied to
summary evaluation and address this weakness by investigating the ROUGE summary
evaluation metrics.

We additionally attempt to improve the reliability of our results by corroborating
judgements produced by SORA with those created by other German speakers as part of a
user-based evaluation experiment. As such, this deliverable repeats some of the automatic
evaluation results, augmented with new scores using the ROUGE metric. In some cases,
the algorithms have been updated too and the newest results are given.

We do not address comparison to MEAD or SUMMA, which are popular textual sum-
marisation frameworks. Many of the algorithms contained in these frameworks (cosine
similarity, centroid, etc.) are sufficiently common and well understood, that we were
able to reproduce them within our own Tweet ranking framework. Besides, MEAD and
SUMMA have been developed for summarisation of longer, coherent documents and their
application to the noisy, multi-topic tweet timelines, without any genre adaptation, is
likely to produce not very good results. Instead, we compare against other state-of-the-art
tweet recommendation algorithms.

Within the context of the project, political analysts from SORA were consulted on
their media monitoring practices and Twitter tools used. Based on their requirements to
go beyond simple keyword, hashtag, and user mention tweet searches, a temporally-aware
interactive summarisation approach was designed:

3



CHAPTER 1. INTRODUCTION 4

1. A user chooses a temporally bounded window of tweets from a set of available time
periods (typically hourly intervals).

2. Based on this selection, topics and named entities are extracted automatically and
visualised in an interactive word cloud.

3. The user then chooses one or more topics and entities of interest, and thus narrows
down the set of tweets to be explored.

4. The resulting tweets are ranked for relevance and only the top n tweets are dis-
played.

This process is described in greater detail in Deliverable 4.1.2. The evaluation de-
scribed in this deliverable primarily measures the quality of automated systems to address
the fourth step in the above sequence.

This report also includes details of some experiments to assess the performance of the
multi-paradigm indexing system described in Deliverable 4.2.1. When used with stream-
ing data sources where new data is arriving continuously, it is important to be sure that
the tools are able to process data as fast as it arrives. These experiments provide some
insight into the optimal configuration of the indexing system and the necessary hardware
to handle a given number of Tweets per hour.

1.1 Relevance to TrendMiner

Since TrendMiner is targetted at keyword filtered and time windowed views from large
scale streaming media, summarisation is necessary where such collections are not feasi-
bly consumed manually. Since it is important to prioritise useful and interesting content
to assist analysis, we must manually evaluate algorithms that attempt to provide this func-
tionality. A user-focussed evaluation allows us to accurately demonstrate the extent to
which our suggested approaches are useful in the context of the TrendMiner use cases.

1.1.1 Relevance to project objectives

This deliverable presents an in depth evaluation of the methods for semantic search and
summarisation of streaming social media content.

1.1.2 Relation to other workpackages

The summaries generated in this work package are integrated as part of a larger Trend-
Miner system in WP5. The tweet filtering part of the annotation task is carried out using
named entities disambiguated by the system developed as part of WP2.



Chapter 2

Automatic evaluation of Tweet
Summaries

This chapter includes some results originally reported in Deliverable 4.1.2. However we
have updated some of the algorithms in question and thus report updated results for these.
This deliverable also reports results using ROUGE, an evaluation metric that is better
suited to text summarisation and which gives a fuller picture of performance.

Deliverable 4.1.2 also described the creation of a gold standard for tweet relevance.
The gold standard is comprised of tweet sets, which have been filtered according to time
and keywords, and binary judgements indicating which tweets from each are consid-
ered most interesting by annotators from SORA. This gold standard is available publi-
cally at https://gate.ac.uk/data/trendminer/tweet_relevance_de.
html. The wording of this task is shown in Sections A.1.1 and A.1.2

This chapter presents the comparative evaluation results on this gold standard for a
number of summarisation approaches. Such automatic evaluation has several distinct
advantages. The human effort of creating the gold standard is expended only once, and it
may be quickly applied to many algorithms. Additionally, it is straightfoward to perform
significance analysis for results produced in this way.

The fully automated evaluation approach has many limitations, which will be dis-
cussed further in 3. Importantly, one must use a suitable evaluation metric, to compare
the ideal manual summaries with the candidate automatic ones. This can be achieved us-
ing a measure of textual similarity, or manually by comparing key points in the Pyramid
method [NP04]. The Pyramid method is arguably the most complete way to compare a
candidate summary with one in a gold standard, but as it requires human annotators, it
is no longer fully automated and therefore cannot be used to evaluate a large number of
systems and parameters.

5



CHAPTER 2. AUTOMATIC EVALUATION OF TWEET SUMMARIES 6

2.1 Scoring Summaries

The judgements produced by the gold standard annotators were binary, though the sys-
tems we evaluate are intended to produce a continuous ranking of tweets. For this reason,
Mean Average Precision (MAP) [MRS08] is used to form a simple impression of perfor-
mance where the number of tweets read by a user is allowed to vary.

Given P (k) as fraction of documents that are relevant out of those appearing before
position k in a ranking, and rel(k), an indicator function, is 1 if the document in position
k is relevant and 0 otherwise, we can write average precision for a specific query as:

Average Precision =

∑n
k=1(P (k)× rel(k))

#Relevant Documents
(2.1)

When our hypothetical user reaches an interesting post, the precision is the ratio of
interesting over uninteresting posts they would have had to read to get there. The same
calculation is carried out for all relevant posts in a set, and averaged to give Average
Precision. The mean of these averages across all sets is the MAP.

This measure however has some disadvantages:

• It tests only whether the exact same post is included, ignoring textual similarity to
the gold standard.

• Likewise, where several very similar posts exist in a collection, a reasonable user
may select only one. A ranking system which considers diversity may well select
another and be incorrectly penalised.

• Average precision can vary greatly from query to query.

Therefore, in addition to MAP, we also report scores according to the ROUGE-1 met-
ric, which is used in text summarisation[Lin04]. The ROUGE-1 version of ROUGE
considers unigrams only, and terms from a german stop word list are excluded[Por01].
ROUGE-1 consists of three measures which are recall, precision, and a combined F-
score. As ROUGE is not specifically designed for a ranking task, the top 8 ranked tweets
are used to form a candidate summary.

2.2 Results

2.2.1 Baselines

Table 2.1 shows the results of several social feature baselines individually, e.g. ranking
tweets based on the number of retweets or favourites they have.
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The results show that the number of times a tweet has been favourited by users is the
best performing social baseline. On the other hand, retweets are significantly weaker.

Temporal ranking alone also performs very poorly. We showed the tweets in a ran-
dom order when creating the gold standard, demonstrating that although Twitter displays
posts reverse-chronologically, there is little implicit preference for newer tweets. In other
words, the current ordering used in the Twitter web interface is sub-optimal for users who
prefer tweets ordered by relevance.

The number of lists on which a user has been placed performs considerably worse
than all of other social baselines. It is possible that this feature is simply too coarse to be
useful for ranking on its own. We did not attempt in this work to combine twitter-specific
features with text-based features, as we do not have a large-enough training corpus. In
addition, such methods tend to rely not only on the social relationships of the author, but
also on their connection to the reader [YLL12, UC11] whereas in our dataset and media
monitoring task we do not have information about the specific reader.

Algorithm MAP ROUGE-R ROUGE-P ROUGE-F
Number of Retweets 23.44% 31.79% 28.01% 29.53%
Number of Favourites 27.58% 36.29% 36.88% 36.28%
Number of lists containing author 22.02% 26.80% 27.96% 27.11%
Time created 19.99% 22.89% 22.93% 22.71%

Table 2.1: Performance for social network baselines

Several textual baselines were evaluated (see Table 2.2). Cosine similarity outper-
forms most of the social baselines (with the exception of favourites), though using IDF
weighting significantly worsens these scores. This is most likely due to the small size of
the vocabulary being considered, which focussed around political topics, and the fact that
queries were generated using selection from a list of name entities, therefore containing
no stop words. Hybrid TF.IDF [IK11] exploits word counts at multiple scopes and in-
cludes a threshold on redundancy. It apparently outperforms cosine similarity, but not the
favourites baseline. We set the threshold (0.85) for Hybrid TF.IDF on this dataset using
grid search.

Lastly, we hypothesized that random reordering should be a weak baseline, due to
the fixed size of the candidate set and the fixed number of positive judgements. In such
cases, the score for random reordering under MAP is simply a random sample related to
that metric. The score for random reordering under ROUGE is higher, but is determined
by the textual variance of documents within the same set; since the documents are pre-
filtered by the user search, this variance is low and ROUGE is higher than MAP for the
random case.
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Algorithm MAP ROUGE-R ROUGE-P ROUGE-F
Hybrid TF.IDF 28.65% 30.92% 39.94% 34.50%
Cosine 30.20% 32.45% 35.38% 33.59%
Cosine with IDF 25.99% 26.68% 31.01% 28.42%
Random reordering 22.75% 27.55% 28.40% 27.69%

Table 2.2: Performance for information retrieval

2.2.2 Centroid and TextRank

The second set of experiments evaluated the Centroid [RJST04] and TextRank [MT04]
algorithms, with a number of textual n-gram features (see Table 2.3). In the case of
unigrams, we also experimented with IDF weighting, derived from hourly sections of the
whole timeline. For bigrams and trigrams no weighting was used as we did not have an
extremely large training data set.

Even though the ROUGE results for TextRank are higher than those for Centroid, the
scores did not differ significantly (p=0.33 for unweighted unigrams).

Algorithms that used unigrams with IDF appeared more effective those that used un-
weighted terms, though the differences in ROUGE were also not significant (p=0.72 for
Centroid unigram, p=0.06 for TextRank unigram). Likewise, we did not find signifi-
cant differences when including bigrams alonside weighted unigrams (p=0.8 for centroid,
p=0.25 for TextRank.

Although some of the textual approaches appear to outperform the baselines using
social features as described in section 2.2.1, the best performing, TextRank with unigrams
and bigrams, is not significantly stronger than the counts of favourites baseline (P=0.58).

2.2.3 Dimensionality Reduction Results

The next experiment tested the hypothesis that dimensionality reduction methods help
with tweet ranking, when compared to n-gram based features. In particular, topic models
are used to map the higher dimensional n-gram feature space onto a lower dimensional
space of topics. We then proceed to use Centroid as before, in order to rank tweets. The
topic models are created using Latent Semantic Indexing (LSI) [DDF+90] and Latent
Dirichlet Allocation (LDA) [BNJ03].

As shown in Figure 2.1, using topic models in this way significantly outperforms
using Centroid ranking with IDF alone (p=0.008, LSI 200 topics), as well as the favourites
baseline (p=0.017, LSI 200 topics). The reported figures are for unigrams with IDF. We do
not incorporate LSI or LDA as a preprocessing component for TextRank, as the resulting
graphs are generally very dense whereas TextRank performs well on sparser text graphs.

The best performance was achieved by LSI with 200 topics, and using LDA performed
consistently worse than LSI. However, due to the limited size of our dataset, it is not pos-
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Algorithm Features MAP ROUGE-R ROUGE-P ROUGE-F
Centroid Unigram 26.61% 33.73% 31.30% 32.26%

Unigram (case pre-
served)

25.93% 32.82% 30.14% 31.22%

Unigram with IDF 33.04% 36.36% 35.66% 35.76%
Unigram with IDF
(case preserved)

32.00% 35.42% 34.45% 34.67%

Bigram only 30.67% 34.16% 33.47% 33.44%
Unigram with IDF &
bigram

33.27% 36.49% 35.97% 35.98%

Trigram 29.57% 35.45% 31.25% 32.98%
Unigram with IDF, bi-
gram & trigram

33.30% 36.59% 35.49% 35.82%

TextRank Unigram 27.45% 33.89% 32.89% 33.17%
Unigram (case pre-
served)

26.70% 33.14% 31.63% 32.16%

Unigram with IDF 32.15% 35.69% 40.01% 37.43%
Unigram with IDF
(case preserved)

30.86% 34.79% 38.62% 36.36%

Bigram only 27.30% 30.54% 34.47% 32.01%
Unigram with IDF &
bigram

33.60% 35.92% 40.51% 37.76%

Trigram 27.64% 32.12% 33.78% 32.72%
Unigram with IDF, bi-
gram & trigram

33.78% 35.83% 40.18% 37.58%

Table 2.3: Performance of Centroid and TextRank

sible to draw a reliable conclusion that LSI is always better than LDA for tweet ranking.
What we can conclude, however, is that considerable performance improvement can be
seen when using topic-based dimensionality reduction methods.

2.2.4 Maximal Marginal Relevance

For our experiments we use both TextRank with IDF and bigrams, and our LSI topic
models, which were our best performing approaches without and with dimensionality
reduction respectively. Diversity is incorporated using the Maximal Marginal Relevance
(MMR) algorithm [CG98]. The same feature representation was used when calculating
redundancy as for the centroid. Where centroid scores are calculated using feature vectors
that result from dimensionality reduction with LSI, the redundancy score is calculated
using cosine distance to tweets in the existing summary in that same lower-dimensional
space.
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Model Topics MAP ROUGE-R ROUGE-P ROUGE-F
Latent Semantic In-
dex

10 topics 33.50% 38.49% 36.90% 37.41%

50 topics 33.83% 38.36% 38.43% 38.17%
100 topics 39.68% 43.43% 44.14% 43.59%
200 topics 41.44% 44.54% 46.67% 45.36%
400 topics 40.49% 43.40% 45.40% 44.14%
600 topics 39.51% 43.14% 45.44% 44.01%
800 topics 38.37% 41.70% 44.13% 42.62%

1000 topics 38.34% 42.34% 44.86% 43.30%
Latent Dirichlet Al-
location

10 topics 25.74% 30.44% 30.66% 30.36%

50 topics 28.63% 35.62% 37.87% 36.52%
100 topics 29.71% 33.63% 34.97% 34.11%
200 topics 27.85% 32.35% 34.64% 33.24%
400 topics 34.40% 40.41% 42.94% 41.41%
600 topics 38.31% 41.47% 44.46% 42.72%
800 topics 38.24% 40.17% 43.65% 41.63%

1000 topics 34.60% 37.70% 41.45% 39.27%

Table 2.4: Performance with Dimensionality Reduction

Figure 2.1: Performance with Dimensionality Reduction
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A λ of 0.0 is maximal diversity, whereas 1.0 is equivalent to centroid similarity.

Features λ MAP ROUGE-R ROUGE-P ROUGE-F
TextRank 0.0 18.76% 21.77% 23.80% 22.51%

0.2 21.10% 25.67% 26.96% 26.11%
0.4 21.18% 26.46% 27.79% 26.91%
0.6 21.41% 26.36% 27.80% 26.84%
0.8 23.16% 28.11% 29.34% 28.47%
1.0 33.60% 35.92% 40.51% 37.76%

LSI (200 topics) 0.0 17.98% 20.66% 21.66% 20.91%
0.2 20.07% 23.18% 23.81% 23.29%
0.4 22.96% 28.63% 28.58% 28.36%
0.6 28.55% 35.40% 35.32% 35.17%
0.8 35.28% 41.82% 42.38% 41.87%
1.0 41.44% 44.54% 46.67% 45.36%

Table 2.5: Performance with MMR

Our intention with the inclusion of MMR was to prevent the reranked tweets from
placing many, very similar tweets at the top of the ranking, and to ensure that at a glance
a user would be able to see all of the topics in contained in the set. Contrary to our
intuitions, the performance when MMR is applied was found to be worse than without
MMR, and the results worsened the more strongly we prioritised novelty. Note that in the
worse cases the MAP for MMR is worse than that of random reordering, showing that
MMR is specifically de-emphasising interesting posts.

Redundancy reduction is harmful rather than helpful in this case, which may suggest
that the gold standard annotators were interested in finding canonical tweets which best
represent the topic at hand, regardless of how much they repeat one another.

2.3 Discussion

Most of the evaluated tweet ranking methods outperformed significantly the reverse-
chronological baseline. This demonstrates that current Twitter monitoring tools need to
cater better for data exploration tasks, and, in particular, to implement better relevance
ranking methods. In addition, we demonstrated that retweet counts are also not a good
predictor of tweet relevance. A new finding of this research is that the number of times
a tweet has been favourited by users forms a very strong baseline. This is outperformed
only when dimensionality reduction is used on the textual features, to create topic-based
features.

The significant performance improvements, when LDA and LSI are used for dimen-
sionality reduction, indicate that dimensionality is a significant issue in tweet ranking for
social media monitoring. It indicates that analysts may have an information need, and
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be able to articulate that through exploratory search, but they may not be able to express
all of the relevant vocabularity, nor indicate which terms are more useful to them than
others.



Chapter 3

Manual Evaluation of Tweet Summaries

The automatic evaluation described in chapter 2 is useful for comparing numerous algo-
rithms and approaches without repeated expensive human annotation. Automatic evalua-
tion is, however, only an approximate substitute for real evaluation of how humans would
judge system performance. As such, it is necessary to complement automatic evalua-
tion of many relevant approaches with manual evaluation, which is focused on user-based
judgement of the results of the best performing algorithms.

By carrying out a user study focused on our best performing system (and several
relevant baselines), we address some of the weaknesses of the automated approach used
in the rest of this work. In our gold standard generation, we fixed the number of selected
tweets to 50 (using random sampling to achieve this where needed) and the number of
tweets in the summary to 8. No such limitation is applied in the user study.

The evaluation sets are already filtered through the selection of groups of related terms
in a tag cloud interface. As such, many of the sets are likely to contain duplicate tweets
(both verbatim re-tweets and modifying tweets, where the tweet author has reused content
from the original tweet). Therefore, it is entirely possible that two semantically identical
tweets exist in the same set, and that the annotator marks only one of them as relevant. We
attempt to mitigate this problem using ROUGE and by treating tweets that are identical
to interesting tweets as also interesting. However, by doing so we fail to address the issue
of the generated summaries perhaps containing unacceptable amounts of redundancy.

While redundancy could be addressed to some extent by presenting the summaries
using an interface that would collapse several retweets into one tweet, in practise much
of the redundancy is not just retweets but also tweets that address very similar content,
perhaps a quote from a news resource or a politician, and such a method could easily
become an additional summarisation step in itself.

Prior to carrying out the user study, we asked SORA to generate a new selection
of keyword groups for the political use case from historical data. These filters were then
used, rather than those from the gold standard generation process, as we wished to similate
a scenario in which information is being discovered for the first time. This would be

13
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unrealistic had the tweets already been considered in detail for a previous annotation task.

3.1 Study Design

We intend to compare the tweet rankings produced by five algorithms for completeness,
redundancy, utility and overall subjective preference. These dimensions were chosen
from work on evaluating recommender systems[SG11], which we argue is somewhat re-
lated to the task at hand. Our problem differs slightly from recommender systems in that
we do not take preferences from one user to generate suggestions for another, and we do
not personalise the recommendations.

The task at hand is one of discovering information, not one of recommending a prod-
uct, and it is meant to be carried out on a small scale by known analysts, so we do not
evaluate certain areas which might otherwise be evaluated for a recommender system,
such as serendipity, robustness, cold start performance, scaleability, adaptability or pri-
vary.

Although the intention is the direct comparison between summaries, we do not ask an-
notators to rank the summaries (e.g. from best to worst) directly, as it could be confusing
to perform this task for four different dimensions. We instead ask volunteers to score each
criterion separately, using a Likert scale [Lik32], which differs in that users are allowed to
assign the same scores to several summaries. Annotators are not specifically told to place
the summaries in order of preference, though they may choose to do so.

The question used was as follows:

Please give your opinion on the following criteria, regarding the summary above:

• The summary captures all the important information from the full set of tweets
(completeness)

• There were several tweets in the summary that were repeating very similar infor-
mation (redundancy)

• I could use this summary to study political figures or events (utility)

• Given your responses above, please rate this summary as a whole (subjective pref-
erence)

All of the responses were given on a scale of 1 (Disagree) to 5 (Agree), apart from the
final rating which was made from 1 to 7, with the responses ‘Very much dislike’, ‘Dislike’,
‘Somewhat dislike’, ‘Undecided’, ‘Somewhat like’, ‘Like’ and ‘Very much like’. The
intuition behind the latter, larger Likert scale was to allow users to make finer grained
distinctions for their overall summary preferences. The full interface used for this task is
shown in Section A.2
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Unlike in the gold standard creation task, we present the same tweet summaries to
several annotators. This allows us to aggregate the results from several users with the
intention of gaining a more robust evaluation result.

The particular experimental configuration used for the user study does not lend itself
well to significance testing. The scores on the Likert scale are ordinal, but arguably not
scalar, so differences cannot be reliably interpretted, unless one algorithm dominates the
others, especially with so few users in the study.

To calculate agreement between respondents, we take the mean of pairwise spear-
man’s Rho for each document set in the study. Spearman’s Rho can be used to calculate
correlation for ordinal data, as we have here[SG11]. To compare systems, we sort and
rank them amongst each dimension according to the user response (to avoid differences
in magnitude between users) and take the mean rank for that system across all filter sets.

Figure 3.1 shows an example summary and the interface used for evaluation. Several
summaries were placed on the same page in a random order, and evaluated one after the
other.

3.2 Evaluated approaches

Random This is an important baseline in which tweets are simply shuffled at random.
We expect this to be relatively strong, as the tweets are to some extent already filtered
according to the keywords they contain.

Retweets The count of the number of times each tweet has been retweeted is used to
determine its ranking and thus its inclusion in the summary. Retweets can be considered
strong evidence that at least some other Twitter users find the tweet interesting. We would
expect a useful system to outperform retweets, though retweets are no always immediately
available (for example shortly after a tweet is posted).

Hybrid TF.IDF We compare to hybrid TF.IDF, an approach to tweet ranking from re-
lated work[IK11]. Hybrid TF.IDF contains measures to help reduce redundancy in the
generated summaries. Since the chosen automated evaluation does not always reward
systems with greater diversity, hybrid TF.IDF may fare better within the user study than
against the gold standard.

Phrase reinforcement Another system for comparison to related work[SHK10], phrase
reinforcement attempts to leverge repeated word pairs in the text to generate textual sum-
maries. Comparison with PR against a gold standard is extremely unreliable, since the
summaries generated by this algorithm are short phrases rather than collections of tweets.
Unfortunately, while users would not be able to map easily between a summary and the
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Figure 3.1: Interface for manual summary evaluation

method used to produce it, this is not the case for summaries generated by the PR al-
gorithm, as the short phrases easily stand out from collections of tweets. Nonetheless,
we include phrase reinforcement as an example of a textual summarisation system which
produces very terse results, allowing us to qualitatively understand if this is what the user
preferred.

Centroid (with topic models) This was the best performing method we evaluated, ac-
cording to the gold standard. Here we use LSI with 50 topics as a preprocessing step, and
do not attempt to reduce redundancy.
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3.3 Annotators

Although the political use case partners (SORA) know their domain and information
needs better than anyone else, they were only able to provide a single annotator for this
task. Therefore, we used two additional German speaking users from the University of
Sheffield, who have not been involved previously in the project. Both users were German,
not Austrian, and worked in computer science rather than political science, so their inclu-
sion is more useful in evaluating the summarisers themselves, rather than its applicability
to the use case.

3.4 Agreement

Inter-annotator agreement was measured using Spearman’s rho, as the ratings are ordered
categories and not intervals. These results were calculated using a set of 17 documents,
for which 5 summaries each were evaluated. Standard deviation was calculated as the
mean of the standard deviation per document. The mean correlation in each dimension
was moderately positive, with a small standard deviation.

The full results for agreement are shown in Table 3.4. This agreement is encouraging
and shows that the task at hand could be replicated with some success by annotators
outside of SORA.

Dimension Spearman’s Rho σ
Completeness 0.46 0.022

Rating 0.45 0.032
Redundancy 0.45 0.036

Utility 0.45 0.016

Table 3.1: Agreement between annotators for manual evalution

3.5 Results

The results for manual evaluation are shown in table 3.5. We show the mean rank for
each dimension. Unfortunately, the random baseline appears to outperform the best per-
forming automated tweet ranking method on all dimensions, and it is the strongest of all
the approaches we evaluate on all considered areas apart from redundancy, where it came
second.

Though the random ordering appears to outperform our best approach, it is worth not-
ing that because the results are not scalar it is difficult to identify whether such differences
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are statistically significant, unless one result overwhelms or is overwhelmed by the others
(as is the case with Phrase reinforcement). Nonetheless, it appears that Random is a very
strong baseline, because the tweet sets are already somewhat filtered. Additionally, a post-
evaluation discussion with the SORA annotator revealed that they felt redundancy was a
problem in the summaries that they saw, and that this affected their rankings amongst all
dimensions.

This preference for more diverse summaries with lower redundancy is not shown in
the automatic evaluation, where methods which attempt to reduce redundancy perform
worse than those which simply use centroid. There are many possible reasons why this
difference may have occurred, including the change in experimental design, whereby an-
notators now see a complete summary rather than individual tweets from which they must
select, and the passing of time meaning that less current context is held implicitly in the
memories of the annotators. It is also possible that the the information needs of the SORA
users have changed since they created the gold standard used for automatic evaluation.

The phrase reinforcement algorithm also performed very poorly on all but redundancy,
where it may have succeeded because of the wording of the question (contains redundant
information). The summaries it generated were very short, usually only a few words,
and annotators claimed they were nonsensical. It is possible that the tweet sets that we
provided for this task were too small and contained too little repetition for phrase rein-
forcement to work optimally.

Algorithm Completeness Rating Redundancy Utility
Phrase Reinforcement 0.49 0.41 0.76 0.30

Centroid (LSI 50 topics) 2.00 1.86 2.81 2.24
Retweet counts 2.27 2.19 2.38 2.16
Hybrid TF.IDF 2.59 2.59 2.22 2.62

Random 2.65 2.95 1.84 2.68

Table 3.2: Mean rank of 5 systems under manual evaluation

3.6 Revisiting automatic evaluation

As discussed above, one of the hypotheses regarding the discrepancy between the results
of the automatic evaluation and the user-based study, is that the information needs of
SORA may have changed since the gold data corpus was first annotated. This would ex-
plain the difference in performance between the centroid method on automatic evaluation,
in comparison to manual evaluation. In order to rule out this hypothesis, we requested
SORA to re-annotate parts of the same gold standard data, without disclosing to them that
they have annotated already these tweets in the past. This allowed us to measure agree-
ment between the same SORA annotator at two different points in time. The first set of
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gold data annotations were created some time in October 2013, while the second set – on
the 1st October 2014, roughly one year apart.

The annotation interface was slightly revised from the one used previously, to give less
guidance (since the task had been carried out before) and with the intention of making the
decisions more open ended. The revised annotation user interface is shown in Figure 3.2.
While the basic request remained the same, we removed detail about why a tweet might
be considered interesting. We hid the label tags and dates for each tweet set from the user,
so as not to inadvertently cue to them that these were sets they had annotated before.

The observed agreement on a random selection of 15 tweet sets from the original
gold standard was 0.0743 (Fleiss’ Kappa), indicating only slight agreement. This result
apparently demonstrates that the information needs of SORA have changed in the inter-
vening time, or perhaps that memory and the currentness of the tweets in the collection
play a role in the decisions made by annotators, somewhat confounding the reliance on
automatic evaluation during development.

It is important also to note the weaknesses of this secondary task. While the anno-
tations have indeed changed, one common comment from SORA throughout this work
is that the sets generated by the keyword selection approach in particular contain many
closely related tweets. Where the user has no particular preference between them, they
may select differently at random, both times. Moreover, this secondary annotation demon-
strated problematic elements of the original user study, in which ideally more users should
have been involved, who should have been asked to revisit historical data after some time.

While it would be interesting to determine what effect if any this difference between
SORA in 2013 and in 2014 has on the performance of our systems as evaluated with
ROUGE, in practise the size of the set is very small and it would have been very resource
intensive at a late stage of the project to revisit enough sets to allow robust comparison be-
tween algorithms. Nevertheless we intend to carry out analysis to determine significance
of the ROUGE and MAP scores on the newer set and whether these differ demonstrably
between those and the older set.
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Figure 3.2: Revised manual annotation interface



Chapter 4

Indexing Performance for the
Multi-Paradigm Search System

Deliverable 4.2.1 described the Mı́mir multi-paradigm indexing and search tools used
in TrendMiner to store and provide access to the results of ontology-based information
extraction (OBIE) over streaming media. In this deliverable we present statistics on the
indexing speed that can be achieved by these tools, as a means of verifying that the tools
will in fact scale to the quantities of data that need to be indexed in real-time, and to
gain an insight into the hardware requirements and optimal software configurations for a
production system.

The evaluation was based on a data set of 5.3 million Tweets that have previously
been annotated using the TrendMiner OBIE system LODIE. Test harness software sub-
mitted these annotated Tweets to the indexing server and recorded the number of Tweets
submitted and the time taken, which could be converted into a measurement of Tweets
indexed per hour (tph). The experiment was repeated with various permutations of index-
ing configuration and different numbers of submission threads running in parallel, with
the cumulative indexing rate measured every 1,000 submitted Tweets.

To avoid artificial limitations imposed by network bandwidth, both the Mı́mir index-
ing system and the submission test harness were run on the same machine, a 20-core
Ubuntu server with 256GB of RAM. The server offered both conventional hard disk stor-
age and high speed solid-state storage, and experiments were tried with indexes stored
on both types of storage, but this made little difference to the speed, and only the SSD
measurements are reported here.

4.1 Initial experiments

The test data set was annotated with:
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Figure 4.1: Initial experiment, including indexing of Tweet IDs

• “Token” annotations, i.e. the individual words within the Tweet, including their part
of speech (POS) tag.

• “Mention” annotations, named entities including an instance URI within the DBpe-
dia knowledge base.

• Tweet-level metadata: the Tweet ID and the user ID of the Tweet’s author.

For a first experiment we attempted to index all this information in Mı́mir, using first a
single submission thread, and then repeating the test with ten parallel threads. Figure 4.1
shows the results, measured as the average speed achieved up to a given point, i.e. the X
axis denotes the number of Tweets n indexed so far and the Y axis is the indexing speed
calculated from the cumulative time t taken by the indexing process up to this point, as:

tph = 3600
t

n

It can be seen from the graph that indexing is initially very fast, with the ten thread case
peaking at almost 1.5 million tph, but that as more and more Tweets are added, the rate
becomes progressively slower. The reason for this is related to the way Mı́mir encodes
annotation information for indexing. The underlying search engine, MG4J, operates on
plain string terms, so Mı́mir must map semantic annotations to identifiers that can be
handled as terms by MG4J. To optimise performance at search time, the approach used is
to treat all annotations that share the same combination of annotation type, feature values
and length (number of tokens spanned) as the same term. Therefore, when presented with
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Figure 4.2: Testing different numbers of submission threads

a new annotation for indexing, Mı́mir must determine whether another annotation with the
same combination of feature values has been seen before, and either extract the existing
term string or assign a new one, as appropriate.

Unfortunately, this approach leads to certain pathological cases at indexing time, most
notably when dealing with annotations (such as the Tweet ID) where every annotation has
a unique combination of feature values. In this situation, every new annotation requires
the insertion of a new row into the database mapping tables.

4.2 Excluding the Tweet ID

To counter this, a second set of experiments was run, where the Tweet ID feature was
excluded from indexing. The results are shown in figure 4.2, and while the graphs show
the same overall shape as before, the actual numbers are much better. The test was run
with various numbers of threads submitting Tweets to the index, and here we see that ten
threads provided the best performance. A single thread was unable to supply Tweets fast
enough to keep the indexing server busy, and 20 threads caused too much contention.

As before, the rate peaks early on and then gradually declines as the number of dis-
tinct annotations increases. The rate of decline will depend on the exact combination of
annotations found in the source data, but given a closed (albeit large) set of possible dif-
ferent feature values, we would expect the indexing speed to eventually level off once the
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Figure 4.3: Using a federated index

majority of distinct entities have been seen at least once.

4.3 Scaling using multiple indexes

The Mı́mir indexing process is essentially a sequential operation. A single index consists
of several sub-indexes which can be built in parallel, but submitted documents must be
“pipelined” to ensure they are consumed by all sub-indexes in the same order (while sub-
index 2 is processing document 1, sub-index 1 can start processing document 2, etc.).
Therefore the maximum number of processor cores that can be occupied building a single
index is equal to the number of sub-indexes. To utilise more processing capacity (on
the same server or across multiple indexing machines), Mı́mir offers federated indexes,
where several identically-configured indexes are presented to clients as a single virtual
index. The indexes that make up the federation are independent, and if documents for
indexing are shared out evenly between them then indexing performance should scale up
linearly with the number of component indexes, as shown in figure 4.3.

As well as using federated indexes to parallelise the indexing process, it is also pos-
sible to build a “longitudinal” federated index. Since indexing speed will inevitably de-
crease over time as more annotations are added to an index, it may be desirable to restart
with a fresh index from time to time. A collection of indexes, one per month, for example,
could be presented as a single federated index covering a whole year.
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4.4 Conclusions

It is possible to achieve throughput of several million Tweets per hour when indexing
Tweets in Mı́mir, but careful choice of which annotation features to index is necessary
to ensure adequate performance. In particular, it is important to avoid indexing features
that are likely to be unique or nearly so. Mı́mir performs best when operating on features
with a closed set of possible values, where the same value is shared by many different
annotations. Indexing Tweet IDs leads to particularly poor performance, and timestamps
should be stored at the coarsest granularity possible for a given use case (e.g. the nearest
day or hour rather than the nearest second). If a single index cannot provide sufficient
throughput, then several independent indexes can be federated, allowing performance to
scale linearly with the number of parallel indexes.

We also performed a separate user-based evaluation experiment, as part of the
EnviLOD project, which used the LODIE DBpedia-based entity recognition and linking
system from TrendMiner [AGBP13, AGB+12] to annotate semantically grey literature
from the domain of environmental science. The resulting documents, annotations, and
URIs were indexed in Mı́mir and it was configured to execute SPARQL queries against
two semantic repositories (one for GeoNames and one for DBpedia). The user-based
evaluation results are reported in [TBRC].

Overall, the user-based evaluation concluded that there are no major issues with using
bespoke form-based user interfaces for semantic search with Mı́mir. Almost all users
learnt to use integrated semantic search successfully after a short demonstration. In more
detail, 9 of the 16 (56.3%) participants agreed or strongly agreed that they would use
the form-based semantic search UI frequently. Another 6 participants were neutral and
only 1 participant strongly disagreed. 14 of the participants (87.5%) disagreed or strongly
disagreed with the statement that the semantic search UI is unnecessarily complex and 2
were neutral.

The rationale behind carrying out the user-based evaluation outside of rethe Trend-
Miner use cases is that, through the British Library, we were able to gain access to a
larger number of participants, with diverse skills and areas of work. However, since we
used the TrendMiner tools unchanged, the results are representative of other application
domains, including the two studied in TrendMiner.
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Conclusion

This deliverable described the evaluation of the summarisation for social media work in-
troduces in Deliverable 4.3.1. We have performed more appropriate automatic evaluation
using a wider variety of scoring measures, and have introduced a new manual evaluation
of our top performing system and several baselines. The evaluation carried out shows our
system to perform worse in manual evaluation than random baselines, though it is difficult
to determine the significance of these results due to weaknesses in our experimental set
up.

We have begun to investigate the differences in performance, and found that the pref-
erences of SORA have indeed changed for this particular task. Further qualitative investi-
gation would be required to explain these differences, though we assert that to some extent
is appears that the summary evalution task for this domain remains extremely subjective,
and difficult to evaluate accurately where only a single annotator is available.

5.1 Ongoing work

The disagreement between contemporary judgements by SORA, and SORA one year
later, has demonstrated that the task is even more subjective than we initially believed.
As such, we would like to continue the work by corroborating more of the historical
judgements with annotators from the University of Sheffield. By creating a data set with
relevance judgements from many more users, we hope to develop a more robust testing
set which will hopefully allow stronger automatic evaluation without overfitting.

We also acknowledge the weaknesses in our manual evaluation of timeline summaries,
where five different approaches were shown to users and scored on an ordered catagorical
scale. By reducing the number of approaches under test and allowing a simple preference,
we should be able to state with greater confidence which approach is strongest in each di-
mension. We envision a test setup where we simply compare the best approach according
to automatic evaluation, augmented for redundancy prevention, against the status quo of
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ordering tweets reverse chronogically.



Appendix A

Tweet Annotation and Summary
Evaluation Guidelines

Here we include the exact wording used in the data collection and user study tasks.

A.1 Gold Standard Tweet Annotation Guidelines

A.1.1 Filter creation

Screenshot in Figure A.1

Please help us to make sense of your timeline by choosing some words or usernames
below that are related to each other.

These terms may discuss a related subject, or relate to the same place. They might all
be about the same news item or the come from same group of friends. For example, It
might be possible to relate “Pancake”, “Valentine’s”, “Batter” and “Flip” as they all relate
to events in the same week.

You can rotate the terms using your mouse.

We ask that you choose enough to match at least 50 tweets. Darker (more red) terms
appear in more tweets. The ‘continue’ button will turn be enabled when you have chosen
enough terms. Click it to continue!

If you struggle to see the colours of the terms in this part of the study, please continue
anyway as if they were not present.

A.1.2 Judging Relevance

Screenshot in Figure A.2

28
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Figure A.1: Creating a tweet filter

Figure A.2: Original tweet relevance annotation interface

Please select (by clicking) the most interesting tweets from the set below. These
should be the tweets that you think others might enjoy, or those that you alone would
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find interesting. They can be tweets from friends or tweets from strangers.

We ask that you choose precisely the 8 most interesting tweets.

A.2 Manual Summary Evaluation Guidelines

Screenshot in Figure 3.1

Please read first the set of original tweets. As you continue to scroll your browser
window, you will see summary A, followed by several brief questions for you to respond
to. Aterwards, please scroll and consider summaries B, C, D, and E.

Please give your opinions on the following regarding the summary above:

• The summary captures all the important information from the full set of tweets

• There were several tweets in the summary that were repeating very similar infor-
mation

• I could use this summary to study political figures or events

• Given your responses above, please rate this summary as a whole

A.3 Reannotating Tweets for Interestingness

Screenshot in Figure 3.2

Please select (by clicking) the most interesting tweets from the set below. We ask that
you choose precisely the 8 most interesting tweets.
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