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Introduction

In this work package (WP9) we further extend the intelligent User Interface (WP4 & WP7), not only
letting people browse and knowledge base, constructing queries (WP3 & WP5) and exploring the query
results (WP6), but also allow people to build complex tasks and generate plans to help people undertake
the tasks to solve problems. The queries constructed in the User Interface (UI) and answers displayed in
the UI, no matter how complex they are, allow users to browse the FACTS maintained or inferred from
the knowledge base. We believe the core issues are to understand the user’s intention and the complex
tasks required by users, as well as to gain the accurate summarizations of the datasets. In this deliverable
we focus on the techniques of Named Entity Resolution (NER).
Information Extraction (IE) involves the automatic extraction of structured information from texts,
such as entities and their relations, in an effort to make the information of these texts more amenable to
applications related to Question Answering, Information Access and the Semantic Web. In turn, NER is
an IE subtask that involves detecting mentions of named entities within texts (e.g. people, organizations
or locations) and mapping them to their corresponding entities in a given knowledge source. The typical
problem in this task is ambiguity, i.e. the situation that arises when a term may refer to multiple different
entities. For example, the term “Tripoli” may refer, among others, to the capital of Libya or to the city
of Tripoli in Greece. Deciding which reference is the correct one is the primary challenge for NER
systems.
In the last years, systems and frameworks for performing NER have been developed both by the
academia and the industry with different features and capabilities Usbeck et al. (2014) Hoffart et al.
(2011) Mendes et al. (2011) Kleb and Abecker (2010) Hassell et al. (2006) Kemmerer et al. (2014)
Alexopoulos et al. (2013). These systems typically vary in a number of dimensions, including the
type of background domain knowledge they utilize (annotated corpora, thesauri, ontologies etc.), the
algorithms they apply, and their customization capabilities, i.e., the ability provided to the user to change
key parameters of the system so as to adapt it to his/her particular domain and/or application scenario.
Moreover, the effectiveness of several NER systems has been empirically measured and reported in their
respective scientific publications as well as in dedicated evaluation papers Rizzo and Troncy (2011)
Gangemi (2013).
In our opinion, the most interesting aspect of these evaluations is not so much the absolute precision
and recall scores that each system achieves but rather the volatility of these scores as the characteristics
of the problem (texts to be analyzed, available domain knowledge etc.) change. For example, in Hoffart
et al. (2011) the effectiveness of the AIDA NER system is found to be 83% on the AIDA-YAGO2
dataset and 62% on Reuters-21578. Similarly, in Mendes et al. (2011), the effectiveness of DBPedia
Spotlight is found to be 81% when applied on a set of 155,000 wikilink samples and 56% on a set of 35
paragraphs from New York Times documents. In another paper Usbeck et al. (2014) Spotlight achieves
an F1 score of 34% on the AIDA/CO-NLL-TestB dataset (created in Hoffart et al. (2011)). Finally,
the AGDISTIS system Usbeck et al. (2014) scores 76% on the AQUAINT dataset (created in Milne
and Witten (2008)), 60% on the AIDA/CO-NLL-TestB dataset and 31% on the IITB dataset (created in
Kulkarni et al. (2009)).
What these scores illustrate is that a NER system’s satisfactory performance in a given scenario
does not constitute a trustworthy predictor of its performance in a different one. Or, to put it
differently, it’s always likely that the system will perform poorly when the scenario’s characteristics
change. This is an important ramification for developers of NER solutions in the industry as commercial
clients typically expect a high and consistent performance from the systems they pay for. Thus, a
question that naturally arises is the following: If in a given NER scenario the system’s effectiveness
is found to be low, what can be done in order to increase it?
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In an effort to answer this question we define in this deliverable a NER Diagnostic Framework that
may guide NER developers to effectively identify the causes behind the low performance of NER systems and take appropriate actions to increase it. The framework consists of a set of metrics that quantify
particular aspects of both the problem and the solution applied in a given scenario (such as for example
the quality of the system’s knowledge base). The idea is that via the calculation and interpretation of
these metrics, NER developers are able to detect and quantify the most likely causes of their system’s
low performance and act on this information in order to increase it.

2

NER Systems and their Effectiveness

2.1

Anatomy of a NER system

As suggested above, a NER system detects mentions of entities in texts and maps them unambiguously
to their corresponding entities in a given knowledge resource. To do that, the system typically utilizes
four types of input (figure 1):
1. A set of texts on which NER is to be performed.
2. A set of target entities which are to be detected and disambiguated.
3. An entity thesaurus where each entity is associated to a unique identifier and a set of potential
surface forms.
4. Some knowledge resource to serve as contextual evidence for the disambiguation of ambiguous
entity mentions in the texts.
The latter input is derived from the strong contextual hypothesis of Miller and Charles Miller and
Charles (1991) according to which terms with similar meanings are often used in similar contexts. For a
given entity, such a context usually consists of i) the words that “surround” the entity in some reference
text Mendes et al. (2011) Ferragina and Scaiella (2010) and/or ii) the entities that are related to this
entity in some knowledge graph Kleb and Abecker (2010) Hoffart et al. (2011) Usbeck et al. (2014).
Thus, for example, a disambiguation context for the entity “Larry Page” could be entities like “Google”
and “PageRank” whereas for the entity “Jimmy Page” entities like “Led Zeppelin” and “Hard Rock”.
Consequently, knowledge resources that contain such contexts (and thus used by NER systems) are
texts that are already annotated with these entities (e.g., wikipedia articles) as well as entity-related
knowledge graphs (e.g., DBPedia1 or YAGO2 ). Given these inputs, a NER system works in two steps:
• Step 1: The entity thesaurus and some NLP framework (e.g., GATE3 ) are used to extract from
the texts terms that possibly refer to entities. The result is a set of terms, each associated to a set
of candidate entities.
• Step 2: The contextual evidence knowledge resource is used to determine for each term the most
probable entity it refers to (disambiguation).
1 http://dbpedia.org
2 www.mpi-inf.mpg.de/yago-naga/yago/
3 http://gate.ac.uk/
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In the second step, when the evidence knowledge resource consists of annotated texts, disambiguation is performed by calculating the similarity between the term’s textual context in the input text and
the contexts of its candidate entities in the annotated texts. When the contextual evidence is a knowledge
graph then graph-related measures are employed to determine the similarity between the graph formed
by the entities found within the ambiguous term’s textual context and the sub-graphs formed by each
candidate entity’s “neighbor” entities. In all cases, the candidate entity with the most similar context is
assumed to be the correct one.

Figure 1: Anatomy of a NER system, including inputs, processing steps and output.

2.2

When NER effectiveness is low and why

Effectiveness of NER systems is typically measured in terms of precision and recall. Precision is determined by the fraction of correctly resolved terms (i.e., terms for which the entity with the highest
confidence is the correct one) to the total number of detected terms (i.e., terms with at least one associated entity). Recall, on the other hand, is determined by the fraction of correctly resolved terms to the
total number of existing entity mentions in the input texts. Thus, a NER system has low precision if the
input texts do not really contain (most of) the system-assigned entities. This usually happens when:
• There is a high degree of ambiguity, i.e., many entities from the thesaurus are (wrongly) associated to many text terms.
• The contextual knowledge is inadequate to correctly fulfil the disambiguation of terms. For
example, if a text contains the term “Page” as a reference to the entity “Jimmy Page” and the contextual evidence knowledge resource has no information about this entity, then the disambiguation
will most likely fail.
On the other hand, a NER system has low recall when it fails to detect entities in the texts that are
actually there. This may happen in two cases:
3

• When the thesaurus is incomplete by not containing either several of the target entities or adequate surface forms for them (e.g., the thesaurus may not associate the surface form “Red Devils”
to the football team of Manchester United).
• When the system, in order to be confident about a term’s disambiguated meaning, requires a
certain minimum amount of contextual evidence to be found in the input texts but fails to do so.
This failure may be due to the lack of evidence in the evidence knowledge resource and/or the
texts themselves.
Obviously, the above analysis is still too abstract to be of much use; therefore our approach for
troubleshooting a NER system when precision and/or recall are found to be low involves using concrete
metrics to make terms like “high ambiguity” and “adequate evidence” more precise and determine the
extent to which they apply in the scenario at hand.

3
3.1

Metric-Based Diagnosis of NER Systems
Ambiguity Metrics

In the previous section, we mentioned that one reason for low NER precision is high ambiguity, i.e.,
the wrong association of many target entities to terms in the text. This may happen when many target
entities can be mixed (i.e., confused) with:
• Common lexical terms that are not really entities. For example, if the target entities are companies then the location services company “Factual” can be easily mixed in a text with the namesake
common adjective. For the purposes of this deliverable we call this phenomenon Lexical Ambiguity.
• Other target entities. For example, if the target entities are locations then the city of Tripoli
in Greece may be mixed with Tripoli in Libya. For the purposes of this deliverable we call this
phenomenon Target Entity Ambiguity.
• Non-target entities from the contextual evidence knowledge graph. For example, if the target entities are football teams and the knowledge graph contains also locations then the team of
Barcelona may be mixed with the city of Barcelona. For the purposes of this deliverable we call
this phenomenon Knowledge Graph Ambiguity.
• Entities from other domains, not included in the thesaurus nor in the evidence knowledge graph.
For example, if the target entities are companies then the telecom company Orange may be mixed
with the namesake fruit. For the purposes of this deliverable we call this phenomenon Global
Ambiguity.
In order to identify which of these four ambiguity types and to what extent characterize a given
NER scenario, we work as follows. First, we consider a representative sample of the texts that we are
supposed to perform NER on and we manually annotate them with target entities as well as non-target
entities from the contextual evidence knowledge graph. Subsequently, we perform the same task in an
automatic way by using the NER system without any disambiguation (i.e., we perform only step 1 of the
process described in section 2.1). Having done that we may measure the different types of ambiguity as
follows:
4

• Lexical Ambiguity: We measure this as the percentage of terms which i) are common lexical
terms rather than entities in the text, ii) have not been manually annotated with any target entity
and iii) have been wrongly mapped by the system to one or more target entities.
• Target Entity Ambiguity: We measure this as the percentage of terms which i) have been annotated with a target entity and ii) have been mapped by the system to this target entity but also to
other target entities.
• Knowledge Graph Ambiguity: We measure this in two complementary ways. First, as the
percentage of terms which i) have been manually annotated with a target entity and ii) have been
mapped by the system to this target entity but also to other non-target entities. For the purposes of
this paper we call this KGA1 . Second, as the percentage of terms which i) have been manually
annotated with a non-target entity and ii) have been mapped by the system to this entity but also
to other target entities. For the purposes of this paper we call this KGA2 .
• Global Ambiguity: We measure this as the percentage of terms which i) are not common lexical
terms but actual entities in the texts, ii) have not been manually annotated with any entity and iii)
have been mapped by the system to one or more target entities.
All the above percentages are calculated over the total number of terms the NER system has detected
in the texts. Also, please note that the above ambiguity types and metrics are not meant to replace any
existing formal ambiguity classification frameworks Bos (2011); they are merely informal tools which,
as we will show in subsequent sections, we have found to be very useful in analyzing NER scenarios.

3.2

Evidence Adequacy Metrics

Complementary to high ambiguity, a second reason for low NER effectiveness is the inadequacy of the
contextual knowledge applied as disambiguation evidence (step 2 of the process described in section
2.1). When this knowledge has the form of a knowledge graph, then by adequacy we practically mean
two things:
1. How rich is the knowledge graph in terms of relation/attribute values for its entities. As suggested
in section 2.1, these values are used as contextual disambiguation evidence, therefore if many entities lack them, their disambiguation will probably fail. For example, if we want to disambiguate
film mentions in texts, a potential evidence could be the actors that played in them. If this relation
is poorly populated in the knowledge graph, then the latter may be inadequate for the particular
task.
2. How prevalent is the contextual evidence provided by the knowledge graph in the input texts.
Even if the knowledge graph is rich, it won’t help if the texts do not contain the evidence it
provides. Considering the film example, even if we know all the film’s actors, this knowledge will
not be useful if films and their actors do not co-occur in the texts.
Knowledge graph richness can be measured in many ways, depending on the desired level of detail.
Some metrics we have found useful are the following:
• The percentage of target entities with no related entities at all. If this number is high then the
knowledge graph is practically useless for the disambiguation of the particular entities.
5

• The average number of entities a target entity is related to. If this number is lower than expected (e.g., if films are related in average to only 1 or 2 entities when they are typically expected
to be related to several actors, directors, producers, characters etc.) then the knowledge graph
might not be as useful as it could.
• The average number of entities a target entity is related to via a specific relation. If this
number is lower than expected then this relation cannot really contribute to the disambiguation
task even if it is expected to do so. For example, if the “hasActor” relation for films is poorly
populated (e.g., only one or two actors per film) then the NER system is practically not able to
use any actor mentions in the texts as film disambiguation evidence.
The above metrics can be easily calculated by merely querying the knowledge graph. On the other
hand, in order to measure the prevalence of the graph’s contextual evidence in the input texts we use
both the texts and the graph. In particular, we consider again the representative sample of input texts that
we used for measuring ambiguity in the previous section and which we have already manually annotated
with target entities as well as non-target entities from the contextual evidence knowledge graph. Then,
for each pair of a target and non-target entity in the annotated texts, we derive from the knowledge
graph the relation(s) and/or the relation paths (up to a certain length) through which the entities are
linked. This allows us to calculate the following:
• The percentage of target entities for which there is at least one evidential entity in the texts.
If this number is low then obviously the knowledge graph is not useful for the given texts.
• The average number of evidential entities a target entity is related to in the texts. If this
number is too low then again the knowledge graph is not appropriate for the given text.
• The percentage of target entities for which there is at least one evidential entity in the texts
via a specific relation or relation path. If this number is low then this particular relation is not
useful for the given texts.
• The average number of evidential entities a target entity is related to in the texts via a specific
relation (or relation path). Again, this number allows to assess the relative usefulness of the
graph’s relations for the disambiguation task.
Please note that the definition of metrics for the adequacy of text-based evidence knowledge resources (i.e., entity annotated texts) has been left out of this paper’s scope and will be addressed in
future work. The reason for that is that we haven’t used so much this kind of evidential knowledge in
the NER scenarios we have come against so far.

3.3

Acting on the Metrics

As suggested in the introduction, the ultimate goal of the metrics is to enable practitioners to improve
the unsatisfactory effectiveness of a NER system in a given scenario. For that, in this section, we map
the potential values of these metrics to concrete actions that may achieve this goal.
For starters, if the Lexical Ambiguity of the entities is considerable then the word sense disambiguation (WSD) capabilities of the linguistic analysis component of the NER system need to be enhanced.
Depending on the existing capabilities of the system and the extent of the problem, these enhancements
can range from simple heuristics (e.g., that a company mention in a text typically starts with a capital
letter) to complete implementations of WSD frameworks Navigli (2009).
6

On the other hand, if Global Ambiguity is found to be high, then it may be that many of the input
texts are not really related to the domain of the target entities. For example, if NER is performed on
news articles in order to detect mentions of films (with e.g., LinkedMDB4 as an evidence knowledge
graph) and most of these articles are not relevant to the cinema domain, then it’s quite likely that many
non-film entities will be mistaken for films. To remedy this situation one could possibly expand the
evidence knowledge graph so as to include all the domains the input texts are about; nevertheless this
can be quite difficult and resource-intensive to achieve. Another, more practical approach, would be to
use a domain/topic classifier in order to filter out the non-relevant texts and apply the NER process only
to the relevant ones. Intuitively, this will boost precision even if some level of recall is sacrificed.
The next metric that can lead to action is the Knowledge Graph Ambiguity, i.e. the ambiguity
between target entities and entities from the evidence knowledge graph. As suggested in section 3.1
we measure this by means of two different percentages, i.e., the percentage of text target entities that
may be confused with evidential ones (KGA1 ) and the percentage of text evidential entities that may
be confused with target ones (KGA2 ). If KGA1 is found to be high and KGA2 low, then what is most
probably needed is the pruning of the evidence knowledge graph in order to remove parts of it that are
not so essential but can still cause noise.
To show why pruning may be necessary assume that we perform NER in a set of film reviews, targeting mentions of actors and using DBPedia as an evidence knowledge graph. Since DBPedia contains
many person entities that are not actors, it is quite likely that many actor mentions in the texts will be
mistaken for other persons (e.g., the actor Roger Moore could be mistaken with the namesake computer
scientist). A high KGA1 score would clearly illustrate this. On the other hand, since the input texts
are primarily about films, the probability that the term “Roger Moore” actually refers to the computer
scientist rather than the actor is low. Again, a low KGA2 would make this obvious. Thus, if we were
to remove from the knowledge graph all the non-actor person entities, we would most likely increase
precision by allowing the NER system to focus only on the disambiguation of actor entities.
Pruning the knowledge graph may be also helpful when the latter contains misleading evidential
relations. For example, consider an excerpt from a contemporary football match description saying that
“Ronaldo scored two goals for Real Madrid”. To disambiguate the term “Ronaldo” in this text using
DBpedia, the only contextual evidence that can be used is the entity “Real Madrid”. Yet, there are two
players with that name that are semantically related to it, namely Cristiano Ronaldo (current player) and
Ronaldo Luis Nazario de Lima (former player). Thus, if both relations are considered then the term will
not be disambiguated. Yet, the fact that the text describes a contemporary football match suggests that,
in general, the relation between a team and its former players is not expected to appear in it. Thus, for
such texts, it would make sense to ignore this relation in order to achieve more accurate disambiguation.
The pruning of the knowledge graph in the above cases can be done in two stages. In the first stage,
the entities (and their relations) that are not related (directly or indirectly) to the target entities could be
discarded. In the second stage, the removed entities would include those that are related to the target
entities but via relations that are not prevalent in the texts. For the latter, the third knowledge graph
prevalence metric of section 3.2 could be used, namely the average number of evidential entities a target
entity is related to in the texts via a specific relation. The pruning should start from the relations with
the lowest score.
Of course, this whole exercise is meaningful only if the evidence knowledge graph has some highly
prevalent relations to retain after the pruning. If that’s not the case, then the ideal action would be to
change/expand the knowledge graph with different relations than the ones it already has and which are
most likely to appear in the texts. If that’s not possible, an alternative action that could be performed in
4 http://data.linkedmdb.org
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case of low graph prevalence would be the reduction of the minimum evidence threshold that the system
uses in the disambiguation phase, provided however that Target Entity Ambiguity and Knowledge Graph
Ambiguity are also low. This action would potentially increase recall (since much less non-ambiguous
entities for which little evidence has been found in the text would be rejected by the system) without
decreasing much precision (since for the few entities that are ambiguous there was not much evidence
to use in the first place).
Finally, if the richness of the knowledge graph is low, the obvious thing to do would be to enrich it.
Since that may not be always possible due to lack of resources, the relation prevalence metric could also
be used here in order to select to enrich only the most useful relations.
Table 1 summarizes the key points of the above analysis by providing a map between observed
metric values, problem diagnosis and recommended action(s). In all cases, it should be made clear that
the whole framework we are describing here is characterized by some degree of inexactness, meaning
that there’s always a possibility that i) a diagnosis is wrong even if the metrics support it and ii) that the
execution of a recommended action fails to improve NER effectiveness even if the diagnosis is relatively
accurate. For that, every time an action is taken, precision and recall of the NER process needs to be
re-measured in order to verify that the system actually performs better. The re-measurement should be
done every time with a new test set so as to ensure that our actions have not introduced any bias to the
process.

4

Conclusion and Future Work

In this deliverable we have considered the task of Named Entity Resolution and we have defined a Diagnostics Framework for troubleshooting and optimizing corresponding systems in industrial scenarios.
Our motivation for this work has been the empirical fact that a NER system’s satisfactory performance
in a given scenario does not constitute a trustworthy predictor of its performance in different settings. As
industrial clients typically expect a high and consistent performance from the NER solutions they pay
for, our framework helps NER system developers and consultants identify the reasons why their system
performs unsatisfactorily in a given scenario and take appropriate actions to increase performance.
In defining our framework we have first identified the main factors that affect NER effectiveness;
two of these are i) the level of ambiguity that characterizes the scenario’s entities and ii) the adequacy
of the contextual evidence applied for disambiguation. Then we have defined metrics and processes for
quantifying these factors and we have linked the values of these metrics to specific actions (see table
1) that, as section ?? shows, are able to increase NER effectiveness. Our immediate future work will
focus on implementing the Diagnostics Framework and applying it in actual scenarios so as to assess
their usefulness and effectiveness.
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Table 1: Metric Values and Actions
Metric Value
High Lexical Ambiguity

High Global Ambiguity

High KGA1
KGA2

and

low

Low Knowledge Graph
Richness
High Knowledge Graph
Richness but low Text
Prevalence
Low Knowledge Graph
Text Prevalence and Low
Target Entity Ambiguity
and Knowledge Graph
Ambiguity

Diagnosis
The NER system cannot
perform well enough Word
Sense Disambiguation.
Many of the input texts are
not really related to the domain of the target entities.

The evidence knowledge
graph may contain several non-target entities that
hamper the disambiguation
process rather than helping
it.
Knowledge Graph is not
adequate as disambiguation evidence.
Knowledge Graph is not
adequate as disambiguation evidence.
The system’s minimum evidence threshold is too
high.

Action
Improve the linguistic
analysis component of the
NER system.
Use a domain/topic classifier in order to filter out the
non-relevant texts and apply the NER process only
to the relevant ones.
Prune the evidence knowledge graph in order to remove non-essential, noisy
entities.

Enrich the knowledge
graph starting from the
most prevalent relations
Change or expand the
knowledge graph with
entities that are more likely
to appear in the texts.
Decrease the threshold.
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