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 Two-step approach
 Identify named entities
 Link entities to Wikipedia pages

 Work based on WSDM 2012 paper
 “Adding Semantics to Microblog Posts”
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 Find out what people are saying about entities
 products, events, brands, people, organizations, etc.
 entity ~ Wikipedia article

 Automatically identify concepts (entities) that are 
semantically related to a tweet and generate links to 
the corresponding Wikipedia articles
 mentioned
 implied
 inferred
 ...
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Data

 Over 500 manually annotated (= linked) tweets
 annotations publicly available for follow-up research
 separate labels for ‘erroneous’ and ‘ambiguous’
 2.17 entities per tweet on average

 For example...
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Data – some examples

 Bill and Cee Lo at the Grammy nomination event in LA last 
night! http://twitpic.com/3c9ali
 Cee Lo Green
 Los Angeles 
 Grammy Award

 I would like to congratulate Qatar on their win to host the 
World Cup in 2022. This victory is an achievement for all 
Arab countries
 Arab World
 FIFA World Cup
 2018 and 2022 FIFA World Cup bids
 Qatari 2022 FIFA World Cup bid
 Qatar
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Two steps

 Step 1 – Ensuring recall: obtain an exhaustive 
ranked list of candidate concepts
 Lexical matching
 Language modeling
 “Other methods,” including DBpedia Spotlight, M&W, etc.

 Step 2 – Boosting precision: use supervised 
machine learning to determine which of the 
candidate concepts to keep
 NB, C4.5, SVM, Random Forests, (Initialized) Gradient 

Boosted Regression Trees
7
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N-gram features

LEN (q) = |q| Number of terms in the n-gram q

IDF f (q) Inverse document frequency of q in representation f , where f ∈ {title, anchor, content}
WIG(q) Weighted information gain using top-5 retrieved concepts
KEYPHRASENESS(q) Probability that q is used as an anchor text in Wikipedia
LINKPROB(q) Probability that q is used as an anchor text in Wikipedia (all occurrences)
SNIL(q) Number of articles whose title equals a sub-n-gram of q
SNCL(q) Number of articles whose title match a sub-n-gram of q

Concept features

INLINKS(c) Number of Wikipedia articles linking to c

OUTLINKS(c) Number of Wikipedia articles linking from c

GEN (c) Function of depth of c in the Wikipedia category hierarchy
CAT (c) Number of categories associated with c

REDIRECT (c) Number of redirect pages linking to c

WLEN (c) Number of terms in the title of c
CLEN (c) Number of characters in the title of c
WIKSTATS(c) Number of times c was visited in 2010
WIKISTATSWK (c) Number of times c was visited in the seven days before the tweet was posted

N-gram + concept features

TF f (c, q) =
nf (q, c)

|f |
Relative phrase frequency of q in representation f of c, normalized by
length of f , where f ∈ {title, anchor, first sentence, first paragraph, content}

POSn(c, q) = posn(q)/|c| Position of nth occurrence of q in c, normalized by length of c
SPR(c, q) Distance between the first and last occurrence of q in c

TF · IDF (c, q) Importance of q for c
RIDF (c, q) Residual IDF (difference between expected and observed IDF)
χ2(c, q) χ2 test of independence between q in c and all concepts
NCT (c, q) Does q contain the title of c?
TCN (c, q) Does the title of c contain q?
TEN (c, q) Does the title of c equal q?
SCORE(c, q) Language modeling score of c with respect to q

RANK (c, q) Retrieval rank of c with respect to q

COMMONNESS(c, q) Probability of c being the target of a link with anchor text q

Tweet features

TWCT (c,Q) Does Q contain the title of c?
TCTW (c,Q) Does the title of c contain Q?
TETW (c,Q) Does the title of c equal Q?
TAGDEF (q,Q) Number of times q appears in the hashtag definition of any hashtag in tweet Q
URL(q,Q) Number of times q appears in a webpage linked to by Q

Table 2: Features used, grouped by type. More detailed descriptions in Section 3.2.

we determine for each Wikipedia article the normalized frequency
with which it was visited in 2010 (WIKSTATS(c)) and the fre-
quency with which it was visited in the seven days before the tweet
was posted (WIKSTATSWK (c)).

3.2.3 N-gram + Concept Features
This set of features considers the combination of an n-gram and

a concept (Table 2, third group). Here, we first consider the relative
frequency of occurrence of q in separate concept fields, the position
of the first occurrence of the n-gram, the distance between the first
and last occurrence, and various IR-based measures [21]. Of these,
RIDF [8] is the difference between expected and observed IDF for
a concept, which is defined as

RIDF (c, q) = log

�
|C|

df (q)

�
+ log

�
1− exp

�
−n(q, C)

|C|

��
.

We also consider whether the title of the Wikipedia article matches
q in any way.

For the features SCORE(c, q) and RANK(c, q) we adopt a
language modeling framework, in which a query is viewed as hav-
ing been generated from a multinomial language model and each
document is scored according to the likelihood that the words in
the query were generated by randomly sampling the document lan-
guage model [21]. The word probabilities are estimated from the
document itself (using maximum likelihood estimation) and com-
bined with background collection statistics to overcome zero prob-
ability and data sparsity issues; a process known as smoothing. We
calculate the score for a concept c ∈ C according to the probability
that it was generated by the n-gram, P (c|q), which can be rewritten
using Bayes’ rule as: P (c|q) = P (q|c)P (c)P (q)−1. Here, for a
fixed n-gram q, the term P (q) is the same for all concepts and can
be ignored for ranking purposes. The term P (c) indicates the prior
probability of selecting a concept, which we assume to be uniform.
We consider each n-gram to be a phrase and determine the proba-
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P1 R-prec Recall MRR MAP

Lexical match

anchor 0.0366 0.0422 0.1592 0.0796 0.0485
title 0.0262 0.0160 0.0616 0.0338 0.0205

Lexical match, longest n-gram

anchor 0.1990 0.1344 0.2408 0.2440 0.1405
title 0.1885 0.1335 0.2530 0.2345 0.1372

Table 3: First set of baseline results, obtained using lexical
matching on titles or anchor texts (first group) and applying
the longest n-gram heuristic (second group).

P1 R-prec Recall MRR MAP

Tweet

content 0.1492 0.1173 0.2464 0.2255 0.1396
title 0.1597 0.1185 0.1901� 0.2106 0.1261
anchor 0.2932� 0.2147� 0.3719� 0.3793� 0.2415�

N-grams

content 0.2539 0.1939 0.6864� 0.3910 0.2664
title 0.2120� 0.1552� 0.3985 0.2795� 0.1818�

anchor 0.2644 0.1994 0.6686� 0.4003� 0.2810�

Table 4: Retrieval results using two tweet representations and
three fields. Significance is tested against line 1 (first group)
and line 3 (second group).

5.1 Establishing a Baseline
Since the machine learning step takes as input a ranked list of

concepts for each n-gram in a tweet, the ideal baseline method
should have a high recall with sufficient precision. Table 3 shows
the results of using lexical matching to obtain a ranked list of con-
cepts. Merely matching parts of the tweet with titles or anchors
does not perform well. Note that this is a commonly taken ap-
proach, but these results indicate that it fails on tweets. When we
apply the longest n-grams heuristic we observe a notable increase
in concept ranking performance, in terms of recall and precision.

We now turn to the results for the retrieval baseline, using dif-
ferent fields and ways of handling the tweet as introduced earlier.
Table 4 (first group) shows the results for ranking concepts based
on the entire tweet, assuming independence between the terms in
the tweet. This is a rather naive approach, but performs remarkably
well. Especially when we only use the anchor texts of each Wiki-
pedia article, we obtain a P1 value of 0.2932, i.e., the first returned
concept is relevant for almost 30% of the tweets. Moreover, the
average rank of of the first relevant concept lies around 3. Table 4
(second group) shows the results when we generate a ranking for
each constituent n-gram and apply CombMNZ to merge these. We
observe the following: First, recall improves significantly using n-
grams and the anchor or content field. Second, both MAP and
MRR increase significantly using the anchor field.

Table 5 shows the results of the last set of baselines. DBpedia
Spotlight and the learning to link approach by Milne and Witten
[28] achieve comparable results that slightly improve over the best
language modeling baseline. The performance results for M&W
are much lower than the results reported in [28], which can be at-
tributed to the different nature of tweets as compared to Wikipedia
and/or news articles. The Tagme system—designed especially for
short texts—fares much better, achieving marked improvements.

P1 R-prec Recall MRR MAP

Spotlight 0.3717 0.2688 0.3068 0.4215 0.2658
M&W 0.3770 0.3033 0.3741 0.4255 0.3127
Tagme 0.5628 0.4643 0.5814 0.6339 0.4894
CMNS 0.6021 0.5271 0.7775 0.7080 0.5853

Table 5: Results for the third set of baselines.

P1 R-prec Recall MRR MAP

lex. match 0.1990 0.1344 0.2408 0.2440 0.1405

NB 0.3010� 0.1996� 0.2302 0.3440� 0.2021�

C4.5 0.4372� 0.2553� 0.2658 0.4503� 0.2575�

SVM 0.3194� 0.2337� 0.2943� 0.3878� 0.2328�

RF 0.5681� 0.4091� 0.4872� 0.6078� 0.4222�

GBRT 0.5550� 0.4034� 0.4825� 0.5964� 0.4133�

iGBRT 0.5654� 0.4082� 0.4819� 0.6053� 0.4209�

Table 6: Results for the best lexical matching run with subse-
quent machine learning.

Simply applying the COMMONNESS(c, q), i.e., CMNS, concept
ranking method, however, achieves the highest scores so far, on all
metrics. This relatively simple approach is able to retrieve over
75% of the relevant concepts and place the first relevant concept
around rank 1.4 on average.

In conclusion, the results on the three baseline sets show that
the task of linking tweets to concepts can be addressed relatively
successfully; using a retrieval-based approach outperforms an ap-
proach based on mere lexical matching. Using the CMNS method
obtains the highest performance, in terms of both precision and re-
call.

5.2 Applying Machine Learning
In this section we present the results of our approach, i.e., apply-

ing machine learning to further improve the results of the concept
ranking step. That is, we take the best performing run per base-
line set and apply the machine learning approaches introduced in
Section 3.2. In particular, we select the “Lexical match, longest
n-gram” for the first set and the “n-grams” retrieval for the second
set, both using the anchor field. Finally, we select the CMNS run
from the last set.

In Table 6 we show the results when we apply machine learning
to the lexical matching baseline. All machine learning algorithms
are able to significantly improve precision, MRR, and MAP. Only
NB and C4.5 do not significantly improve in terms of recall. Here,
RF obtains the highest scores overall, although the differences with
GBRT and iGBRT are minimal and not significant.

Table 7 shows the results of the retrieval baseline, augmented by
the machine learning step. Almost all machine learning algorithms
are able to improve over the retrieval baseline, except for recall.
Furthermore, iGBRT achieves the highest scores on most metrics,
closely followed by RF.

Finally, in Table 8 we show the results of applying machine
learning to the CMNS baseline. Of all the baselines, CMNS ob-
tains the highest recall and precision levels; it does so by returning
relatively few concepts per n-gram. We note that NB and C4.5 do
not perform well in this case; their performance drops significantly
for all metrics. Indeed, recall is significantly worse for NB, C4.5,
and SVM, mainly due to the fact that a lot of concepts are iden-
tified as non-relevant by these algorithms. Interestingly, P1 im-
proves significantly for SVM, while R-prec is significantly worse
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Simply applying the COMMONNESS(c, q), i.e., CMNS, concept
ranking method, however, achieves the highest scores so far, on all
metrics. This relatively simple approach is able to retrieve over
75% of the relevant concepts and place the first relevant concept
around rank 1.4 on average.

In conclusion, the results on the three baseline sets show that
the task of linking tweets to concepts can be addressed relatively
successfully; using a retrieval-based approach outperforms an ap-
proach based on mere lexical matching. Using the CMNS method
obtains the highest performance, in terms of both precision and re-
call.

5.2 Applying Machine Learning
In this section we present the results of our approach, i.e., apply-

ing machine learning to further improve the results of the concept
ranking step. That is, we take the best performing run per base-
line set and apply the machine learning approaches introduced in
Section 3.2. In particular, we select the “Lexical match, longest
n-gram” for the first set and the “n-grams” retrieval for the second
set, both using the anchor field. Finally, we select the CMNS run
from the last set.

In Table 6 we show the results when we apply machine learning
to the lexical matching baseline. All machine learning algorithms
are able to significantly improve precision, MRR, and MAP. Only
NB and C4.5 do not significantly improve in terms of recall. Here,
RF obtains the highest scores overall, although the differences with
GBRT and iGBRT are minimal and not significant.

Table 7 shows the results of the retrieval baseline, augmented by
the machine learning step. Almost all machine learning algorithms
are able to improve over the retrieval baseline, except for recall.
Furthermore, iGBRT achieves the highest scores on most metrics,
closely followed by RF.

Finally, in Table 8 we show the results of applying machine
learning to the CMNS baseline. Of all the baselines, CMNS ob-
tains the highest recall and precision levels; it does so by returning
relatively few concepts per n-gram. We note that NB and C4.5 do
not perform well in this case; their performance drops significantly
for all metrics. Indeed, recall is significantly worse for NB, C4.5,
and SVM, mainly due to the fact that a lot of concepts are iden-
tified as non-relevant by these algorithms. Interestingly, P1 im-
proves significantly for SVM, while R-prec is significantly worse

bility P (q|c) using the following estimate:

P (q|c) = n(q, c) + µP (q)
µ+ |c| . (1)

This is an estimate using Bayes smoothing with a Dirichlet prior,
where P (q) indicates the probability of observing q in a large back-
ground collection. Here, µ is a hyperparameter that controls the in-
fluence of the background corpus and |c| is the length of the textual
representation of the concept.

The probability that c is the target of a link with anchortext q in
Wikipedia:

CMNS(c, q) =
|Lq,c|�
c� |Lq,c� |

,

where Lq,c is the set of all links with anchor text q and target c.

3.2.4 Tweet Features
Finally, we consider features related to the entire tweet (Table 2,

last group), including three kinds of lexical matches. We also fetch
the webpage(s) linked to by the tweet (if any) and determine the
frequency of occurrence of q in them (URL(q,Q)). Finally, we
use the TagDef API3 to lookup the highest-voted hashtag definition
of all hashtags in the tweet (if any) and determine the frequency of
occurrence of q in them (TAGDEF (q,Q)).

4. EXPERIMENTAL SETUP
In order to answer the research questions introduced in Section 1,

we have designed several experiments. In this section we detail our
experimental setup, including how we sample tweets, the manual
annotations, the Wikipedia version, and how we evaluate linking
tweets to concepts.

4.1 Tweets
Out of a sample of 2000 tweets, Pear Analytics [32] classified

40% as containing “pointless babble,” with another 37.55% as merely
conversational. So, a significant portion of all tweets are non-
informative and only a small fraction contains topics of general
interest. In order to account for this possible bias, we randomly
sample users from the “verified accounts” Twitter list and, for each
of these users, we retrieve the last 20 tweets.4 The Twitter users
in this list can be considered influential and their tweets are more
likely to be picked up by other Twitter users than from a random
sample of Twitter users. As to preprocessing, we record all URLs,
mentions, and hashtags in each tweet. URLs are removed from
each tweet, whereas mentions and hashtags are kept without the
leading ‘@’ and ‘#’ respectively.

4.2 Wikipedia
As our target for linking tweets, we use a dump of Wikipedia

that is dated 11 Oct. 2010. In this particular snapshot, we have
3,483,213 articles proper, 4,526,685 redirects, 120,547 disambigua-
tion pages, and 71,204,142 hyperlinks between articles. For the
anchor field we include not only the anchor texts found in intra-
Wikipedia hyperlinks, but also the titles of any redirect pages point-
ing to an article. As to retrieval, we use the entire Wikipedia doc-
ument collection as background corpus and set µ (cf. Eq. 1) to the
average length of a Wikipedia article.

3See http://tagdef.com/.
4See http://twitter.com/help/verified/.

4.3 Manual Annotations
In order to obtain manual annotations (both for training and eval-

uation), we have asked two volunteers to manually annotate 562
tweets, each containing 36.5 terms on average. They were pre-
sented with an annotation interface with which they could search
through Wikipedia articles using any of the fields defined above.
The annotation guidelines specified that the annotator should iden-
tify concepts contained in, meant by, or relevant to the tweet. They
could also indicate that an entire tweet was either ambiguous (where
multiple target concepts exist) or erroneous (when no relevant con-
cept could be assigned). Out of the 562 tweets, 419 were labeled as
not being in either of these two categories and kept for further anal-
ysis. For these, the annotators identified 2.17 concepts per tweet
on average. In order to facilitate follow-up research, we make all
annotations and derived data available.5

4.4 Evaluation
We approach the task of linking tweets to concepts as a ranking

problem; given a tweet, the goal of a system implementing a solu-
tion to this problem is to return a ranked list of concepts meant by
or contained in it, where a higher rank indicates a higher degree of
relevance of the concept to the tweet. The best performing method
puts the most relevant concepts towards the top of the ranking. Our
method identifies relevant concepts for each tweet’s constituent n-
grams and, since the semantic linking task is defined at the tweet in-
stead of the n-gram level, we need a way to aggregate potential du-
plicate concepts. In our experiments, we aggregate each duplicate
concept (if any) by naively summing the confidence scores for each
source n-gram. Future work should indicate whether more elabo-
rate methods perform better. The manual annotations described
above are then used to determine the relevance status of each of
the concepts with respect to a tweet; a concept is considered rele-
vant if it was linked by an annotator. If it was not selected by any
annotator, we consider it to be non-relevant.

The evaluation measures we employ include precision at rank
1 (P1), r-precision (R-prec), recall, mean reciprocal rank (MRR),
and mean average precision (MAP) [21]. Together, these measures
provide a succinct summary of the quality of the retrieved concepts.
We use the top-50 returned concepts for evaluation. To test for sta-
tistical significance, we use a paired two-sided t-test (with pairing
at the run level). We indicate the best performing run using bold-
face and a significant improvement with � and � (for p < 0.05
and p < 0.01 respectively) and, similarly, a significant decrease
in performance with � and � (again for p < 0.05 and p < 0.01
respectively). Unless indicated otherwise, we test for significance
against the top-most row in a table.

4.5 Baselines
We employ three sets of baselines to which we compare our ap-

proach and to which we apply supervised machine learning. They
include: (i) lexical matching of the n-grams with the concepts, (ii)
a language modeling baseline, and (iii) a set of other methods, aug-
mented with using solely the COMMONNESS(c, q) feature.

4.5.1 Lexical Match
As our first baseline we consider a simple heuristic which is

commonly used [10, 26] and select concepts whose title lexically
matches any n-gram in the tweet, similar to the NCT (c, q) and
TEN (c, q) features described in Section 3.2. We subsequently
rank the concepts based on the language modeling score of their

5See http://ilps.science.uva.nl/resources/
wsdm2012-adding-semantics-to-microblog-posts/.
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P1 R-prec Recall MRR MAP

retrieval 0.2644 0.1994 0.6686 0.4003 0.2810

NB 0.4058
�

0.3212
�

0.4510
�

0.4911
�

0.3450
�

C4.5 0.3822
�

0.2294 0.2530
�

0.4106 0.2341
�

SVM 0.2958 0.2419
�

0.4947
�

0.4138 0.2799

RF 0.5419
�

0.4197
�

0.6362
�

0.6195
� 0.4662�

GBRT 0.5079
�

0.3978
�

0.6362
�

0.6012
�

0.4517
�

iGBRT 0.5445� 0.4209�
0.6349

� 0.6229�
0.4660

�

Table 7: Results of applying machine learning, applied to the
best performing retrieval baseline.

P1 R-prec Recall MRR MAP

CMNS 0.6021 0.5271 0.7775 0.7080 0.5853

NB 0.4921
�

0.4091
�

0.5292
�

0.5853
�

0.4294
�

C4.5 0.5209
�

0.3542
�

0.3774
�

0.5585
�

0.3528
�

SVM 0.6708
�

0.4670
�

0.4784
�

0.6846 0.4711
�

RF 0.6780� 0.5739� 0.8417� 0.7676� 0.6561�

GBRT 0.6649
�

0.5624
�

0.8361
�

0.7568
�

0.6421
�

iGBRT 0.6754
�

0.5715
�

0.8400
�

0.7644
�

0.6511
�

Table 8: Results of applying machine learning, with as input
the best performing “other” baseline run, i.e. COMMONNESS

(CMNS).

than CMNS. In many cases, SVM is able to push a single relevant

concept to the top of the ranking, but fails to do so for all relevant

concepts. RF, GBRT, and iGBRT obtain significant improvements

over CMNS for all metrics; RF outperforms all other methods.

In sum, we find that the iterative machine learning methods ob-

tain the best improvements overall and that they are able to sig-

nificantly improve precision in all cases. In the remainder of this

section we perform a more detailed analysis of the obtained results.

We base these analyses mainly on the best performing method, i.e.,

machine learning using RF on the CMNS concept ranking, which

we denote CMNS-RF.

5.3 Error Analysis
Figure 1 shows a per-tweet plot of the difference in terms of aver-

age precision (AP) between CMNS and CMNS-RF. As this figure

indicates, most tweets are helped by applying machine learning,

except for about a fifth of them. The tweets that are hurt most are

mainly tweets with only a single relevant concept, that is retrieved

by CMNS but classified as not relevant by CMNS-RF.

When we look at the errors being made in general, we observe

that there are three typical cases of errors. First, there are concepts

that are clearly relevant, but that were missed by the annotators. In

some other cases, the concepts identified by the annotators do not

always seem relevant. In a future study we intend to investigate

this further, mainly by performing a post-hoc relevance analysis of

annotated tweets. Second, we find that in some cases the machine

learning algorithms seem to focus on a particular sense of an n-

gram. E.g., in the case of “St. Patrick,” most algorithms return

various churches instead of the arguably more common concept

SAINT PATRICK’S DAY. Finally, it also occurs that a non-content-

bearing term in the tweet is being linked, such as the n-gram “wow”

that gets linked to the concept WORLD OF WARCRAFT. In future

work, we plan on tackling these two classes of errors, e.g., by in-

cluding a post-ranking filter that first tries to match longer n-grams

before moving on to shorter ones or by including more features that
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Figure 1: Per-tweet difference in AP between CMNS and
CMNS-RF, where a positive value indicates an improvement
over CMNS.

are related to the entire tweet; this way the remainder of the tweet

might assist in disambiguating a particular n-gram.

5.4 Parameter Settings
In this section we consider the various parameters that are asso-

ciated with the machine learning algorithms. For all of these, we

have selected the top-ranked concepts returned by the concept rank-

ing step, up to a maximum of 50 per n-gram. Varying this number

does not significantly alter the obtained results.

Recall that RF, GBRT, and iGBRT have several parameters asso-

ciated with them, including the number of iterations and the learn-

ing rate. In the case of gradient boosting there exists an inherent

trade-off between the learning rate and the number of iterations.

Ideally, the learning rate needs to be infinitesimally small and the

number of iterations extremely large to obtain the true global min-

imum. In our case, varying the learning rate parameter α only in-

fluences the obtained end results very little.
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Figure 2: Effect of varying k on MAP.

Figure 2 shows the effect of varying the number of iterations using

the RF, GBRT, and iGBRT machine learning algorithms on MAP.

Both RF and iGBRT start at roughly the same level, since iGBRT

uses the RF predictions as initialization weights. Both algorithms

also reach their optimum after approximately 100 iterations, indi-

cating that the iterative learning process can be stopped quite early.

GBRT is not able to reach the same level of performance as iGBRT;

it takes over 600 iterations to approach the others’ scores.

5.5 Feature Analysis
Finally, we zoom in on the relative effectiveness of each of the

features. The top-5 features with the highest discriminative power,

measured using information gain, are, in decreasing order:
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• TEN (c, q),

• TWCT (c,Q),

• REDIRECT (c),

• LINKPROB(q), and

• IDFanchor(q).

Interestingly, this is a mix between features that are based solely on
the n-gram, the concept, and their combination. The binary feature
that indicates whether the tweet contains the concept title is also a
strong indicator for the relevance of a concept regarding a tweet.

In a follow-up experiment, we rank all features by their informa-
tion gain and add each of them incrementally to the set of used fea-
tures, starting with the features with the highest values. We keep the
number of features RF selects at each iteration at m = 4 and thus
start with selecting the 4 highest ranked features; Table 9 shows the
results. CMNS-RF achieves MAP comparable to CMNS (on which
this ranking is based) after adding the 12th feature, TCN(c, q).
When CMNS is subsequently added as a feature, we observe an
improvement of 6% in retrieval performance. After IDF content(q)
we truncate the table; MAP remains relatively constant around 0.65
after adding this feature. Almost all of the features shown here can
be computed quite easily, either from an inverted index or from
a cache that contains the link structure and anchor information of
Wikipedia. The URL(q,Q) and WIG(q) features are the most
costly features in this list. For the first an HTTP connection needs
to be made and the web page content fetched, parsed, and matched
with the n-gram. The second is a function over the n-gram and
the top-ranked concepts for that n-gram. In a situation where the
running time is of importance, we recommend removing these par-
ticular features.

6. CONCLUSION AND FUTURE WORK

Microblogging streams have become an invaluable resource for
marketing, search, information dissemination, and online reputa-
tion management. Searching and mining microblog streams offers
interesting challenges and in this paper we have presented a suc-
cessful semantic linking method for microblog posts. The iden-
tified concepts, i.e., Wikipedia articles, can subsequently be used
for, e.g., social media mining or advanced search result presenta-
tion. Our novel method uses machine learning and is based on a
high-recall concept ranking and a high-precision concept selection
step. Using a purpose-built test collection, we have shown that it
significantly outperforms other methods, including various recently
proposed approaches. Moreover, the concept selection step can be
applied to any method that returns concepts for an input text. Our
results show that this step, in particular using random forests or
gradient boosted regression trees, can significantly improve a weak
baseline, especially in terms of precision. It is even able to improve
when the concept ranking performance is already strong on its own.

We have focused mainly on the effectiveness of semantic link-
ing in the setting of microblog posts as opposed to the efficiency.
Since both best performing machine learning algorithms are eas-
ily parallelizable, the bulk of the processing happens during feature
extraction. From the results obtained during feature analysis, we
note that not all features are equally important and that a minimal,
easily computable set can already obtain good performance. More-
over, our analysis has shown that only a relatively small number
of iterations is needed to achieve optimal performance. We finally
note that, in the cases where a real-time analysis of a stream of mi-
croblog posts is required, merely using the low-cost CMNS feature
already obtains very good performance.

Added feature MAP ∆

TEN (c, q) / TWCT (c,Q)
/ REDIRECT (c) / LINKPROB(q) 0.4964
+ IDFanchor(q) 0.5452 9.83%
+ KEYPHRASENESS(q) 0.5523 1.30%
+ SNIL(q) 0.5502 -0.38%
+ IDF title(q) 0.5547 0.82%
+ SNCL(q) 0.5593 0.83%
+ TF paragraph(c, q) 0.5674 1.45%
+ TF sentence(c, q) 0.5834 2.82%
+ TCN (c, q) 0.5866 0.55%
+ COMMONNESS(c, q) 0.6216 5.97%
+ TF title(c, q) 0.6340 1.99%
+ URL(q,Q) 0.6405 1.03%
+ POS1 (c, q) 0.6435 0.47%
+ GEN (c) 0.6475 0.62%
+ WIG(q) 0.6491 0.25%
+ IDF content(q) 0.6511 0.31%

Table 9: MAP of CMNS-RF after incrementally adding fea-

tures proportional to their information gain (truncated to show

only the top features).

Future work includes the following. First, although our method
is not language-dependent in any way, the manual annotations are
indeed language-specific. Wikipedia, on the other hand, already
contains numerous, manually-curated inter-language links that we
could use for this purpose. Second, we already mentioned a post-
hoc evaluation of our semantic linking method for future work in
Section 5.3. We also acknowledge that our sample of tweets, based
on “authoritative users,” is comparatively small and might be bi-
ased. Therefore, we intend to apply the best-performing methods
to a much larger, random sample of microblog posts to see how it
performs there. Further, in this paper we have focused on a domain-
independent way of obtaining high-recall concept candidate rank-
ings. We believe, however, that including additional information
such as from NER could further improve semantic linking perfor-
mance. For future work we also intend to consider bootstrapping or
co-training, in which the concepts with the highest confidence are
fed back as new training material. Finally we note that Wikipedia
contains a few thousand links to Twitter in the articles’ “External
Links” sections and we intend to investigate to what extent we can
use this information for semantic linking.
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 What are entities?

 Locations, persons, organizations, but also..
 ..books, films, animal classes, etc.

 Only correctly identified entities are considered for 
wikification evaluation

 Overall results
 NER: P:0.78, R:0.65
 WIK:  P:0.84, R:0.82
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precision recall
Wikipedia 0.89 0.89
Discussion list 0.75 1.00
Web snippet 1.00 0.25
Autocue 0.96 0.96
Newspaper 0.90 0.85
Periodical 0.95 0.95
E-magazine 0.86 0.89
Legal text 0.56 0.47
Subtitle 0.54 0.49
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 Identifying NEs
 Linking NEs to Wikipedia

 Linking to Wikipedia in two steps
 Recall step: candidate pages
 Precision step: learn which pages to keep

 Evaluation shows good performance
 High precision and recall on formal text
 Lower scores for domain-specific or very informal text
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