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1 |  INTRODUCTION

Many knowledge bases have been published in Linked Open 
Data (LOD). LOD currently contains hundreds of knowl-
edge bases that are very difficult to access for typical users. 
Although some formal languages, such as SPARQL, have 
been introduced to query such knowledge bases, learning 
these languages is difficult for typical users and they must 
be familiar with the structures of knowledge bases. Question 
answering (QA) systems in the form of natural language 
(NL) interfaces have been proposed to solve this problem. 
A QA system takes user information requests in the form of 
NL and extracts exact results from a knowledge base. Most 
QA systems convert NL questions into structured queries or 
formal representations [1,2]. One of the main problems in 
this conversion process is the difference between the words or 
phrases used by users and the vocabulary used in the knowl-
edge base. This difference is known as a lexical gap. As an 
example, consider the following question:

Who is playing in Spanish movies produced by David 
Lynch?

To answer this question, the following SPARQL query 
can be executed over a knowledge base, such as DBpedia 
(we abbreviate URI namespaces with common prefixes, see 
http://prefix.cc for details):

SELECT ?who WHERE {
?movie   dbo:starring     ?who.
?movie   rdf:type        dbo:Film.
?movie   dbo:language   res:Spanish_language. 
?movie   dbo:producer    res:David_Lynch. }.

In the example above, the word “movie” is used in the NL 
question, whereas in the SPARQL query, the corresponding 
property “dbo:Film” is used.

Another problem in the conversion of NL questions into 
the SPARQL is the difference between the manner in which 
users expresses their need and how that knowledge is rep-
resented in the knowledge base. This type of difference is 
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known as a semantic gap. In the example above, the expres-
sion “Spanish movie” could relate to a resource with the type 
“Spanish_Movie,” or to a resource with the type “movie” or 
“film” with another property, such as “dbo:language,” with 
the value “res:Spanish_language.”

In this paper, we propose a QA system that uses an ontol-
ogy lexicon and the dependency parse trees of NL questions 
to overcome lexical and semantic gaps. An ontology lexicon 
contains information regarding how the elements of an on-
tology can be verbalized in a given language. For example, 
consider the following entry in an ontology lexicon in the 
Lemon design patterns format [3]:

StateVerb(“play”, dbo:starring,
propSubj = PrepositionalObject (“in”), propObj = Subject).
This entry states that the verb “play” in a NL sentence may 

relate to the property “dbo:starring,” where the subject of the 
property is the prepositional object of the sentence and the ob-
ject of the property is the subject of the sentence. Based on this 
information and the dependency parse tree of the input ques-
tion, we can map the verb of the input question to the correct 
property to preserve the order of its subject and object.

By using the dependency parse tree of an input question 
with an ontology lexicon, we can capture different map-
pings between input questions and a knowledge base. This 
task is accomplished by using rules extracted from training 
questions. All the SPARQL queries obtained from question 
mappings are ranked and the best SPARQL query with a non-
empty answer is returned as the final result.

In some previous studies, ontology lexicons have been used 
as lookup tables to map the words in input questions to the con-
cepts in the knowledge base. Lexicons have also been used as 
bases to construct grammar for parsing input questions. Both of 
these methods have drawbacks. Using an ontology lexicon as a 
lookup table does not exploit all available detail in the entries of 
the ontology lexicon. For example, the verb “influence” can be 
mapped to both the “dbo:influenced” and “dbo:influencedBy” 
properties, even though the orders of the subject and object 
in these properties are different. Ignoring such details could 
produce an incorrect SPARQL query. Additionally, grammar 
constructed from an ontology lexicon is very sensitive to input 
questions and may fail to parse input questions when minor 
changes occur in those questions. We have attempted to resolve 
these issues by generating correct and feasible SPARQL que-
ries. These queries can be executed directly over a knowledge 
base or optimized using existing methods [4,5].

The main contributions of this paper are as follows:

• A novel QA approach is proposed using a general-pur-
pose dependency parser and ontology lexicon in a simple 
manner.

• The proposed QA approach attempts to find all possible 
interpretations of input questions and ranks them to find 
the best interpretation.

The remainder of this paper is organized as follows. Some 
related studies on QA systems are discussed in Section 2. The 
architecture of the proposed approach is described in Section 
3. In Section 4, the effectiveness of the proposed approach is 
evaluated. Finally, conclusions and future work are discussed.

2 |  RELATED WORK

Recently, many studies have been published in the field of 
QA. Based on formal grammars, in ORAKEL [6] and Pythia 
[7], the semantics of a question can be obtained by combin-
ing the meanings of different parts of the question. The main 
drawback of these systems is that if a question cannot be 
parsed by a specified grammar, the system will fail. In our 
approach, if a portion of an input question cannot be pro-
cessed, it is simply ignored and the system attempts to find an 
answer based on the remainder of the question.

To convert an input question into a SPARQL query, TBSL 
[8], QUINT [9], GeoQA [10], LODQA [11], and the system 
proposed by Biermann and his colleagues [12] all utilize 
template-based approaches. In such approaches, templates 
are generated based on linguistic analysis of input questions. 
A template is instantiated by mapping the expressions in an 
input question to the elements of a knowledge base. Although 
such approaches can process complex questions, constructing 
templates for all variations of input questions is very difficult.

Some other systems consider QA as a semantic parsing 
problem and attempt to train a semantic parser to map input 
questions to appropriate logical forms to be executed over 
a knowledge base [13,14]. Such systems require significant 
training data that are time consuming and labor intensive to 
create.

The main focus of other studies has been resolving ambi-
guities arising from the mapping of phrases in input questions 
and semantic items in knowledge bases. DEANNA [15] for-
mulates the QA task as an integer linear programming (ILP) 
problem and resolves such ambiguities by solving the ILP 
problem. In CASIA [16], ambiguities are modeled as soft 
constraints in Markov logic networks. SINA [17] employs a 
hidden Markov model (HMM) and utilizes the optimal path 
from the HMM for disambiguation. In our method, disam-
biguation is performed in the final step by ranking generated 
SPARQL queries.

Instead of converting an input question into a SPARQL 
query, in Treo [18], APEQ [19], and the system proposed by 
Zhu and his colleagues [20], a knowledge base is viewed as a 
graph and graph exploration algorithms are used to find the 
answer to a question. In these systems, various knowledge 
base entity mentions in the input question are identified as 
pivot points. Based on these pivot points, an exploration algo-
rithm is executed to find answers connected to the points by a 
path in the graph. Unfortunately, if answers are not connected 
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to the pivot points by a direct path or if a question involves 
complex operations, such as aggregation, such systems can-
not find an answer.

Some QA systems are limited to a specific domain, such 
as medicine, agriculture, or geography [10,21‒23]. In such 
systems, there is less ambiguity. Therefore, the accuracy 
of answers in such systems is typically higher than that in 
open-domain QA systems. However, it is difficult and costly 
to extend such systems to new domains.

3 |  SYSTEM ARCHITECTURE

In this section, we present the architecture of the proposed ap-
proach. As shown in Figure 1, the proposed system consists 
of six components: syntactical analysis, template Generation, 
NE recognition, candidate selection, ranking, and answer 
retrieval.

3.1 | Syntactical analysis

Syntactical analysis takes an NL query as an input and gen-
erates part of speech (POS) tags, as well as a dependency 
parse tree for the input NL query. Currently, POS tagging and 
dependency parsing tools are used in many NL processing 
tasks and provide reasonable accuracy. Unlike some previ-
ous methods that require a large amount of training data to 
identify the structure of an input question, we used these gen-
eral-purpose tools to eliminate the work required to collect 
large training datasets. The syntactical analysis component 
uses the Stanford CoreNLP tools [24]. Figure 2 presents the 
output of this stage.

3.2 | Named entity recognition

The words and phrases in a question that refer to named en-
tities must be recognized and linked to knowledge base re-
sources. To this end, we used DBpedia Spotlight [25], which 
detects entity mentions in a query and returns not only the 
corresponding resources, but also a score for each resource 
that represents the level of relatedness between the word or 
phrase and resource.

By using POS tags and some predefined rules, we elimi-
nate certain entity mentions that are unlikely to link to a re-
source (eg, interrogative words). We retain all other entity 
mentions. Table 1 presents the final entity mentions and 
scores for the running example.

3.3 | Template generation

Template generation plays the main role in our approach and 
consists of two parts: question classification and pseudo-
SPARQL generation.

Question classification classifies questions into four cat-
egories: imperative (eg, list queries), predicative (eg, “wh-” 
questions), counting (eg, questions starting with “how 
many…”), and affirmation (eg, queries whose results are “yes/
no”). This classification is performed using certain predefined 
rules. Based on these rules, the running example is classified 
as predicative.

Following classification, according to the parse tree and 
ontology lexicon, various pseudo-SPARQL queries are gen-
erated. Pseudo-SPARQL queries are similar to SPARQL 
queries, but they may contain named entities without specific 
URIs (eg, “Spain” instead of “res:Spain”).

Pseudo-SPARQL queries are generated using an algorithm 
as follows (Figure 3). The algorithm starts at the root of the 
dependency parse tree and checks the POS tag of the root. For 
each node in the dependency parse tree, it looks up the corre-
sponding entry for the node label in the ontology lexicon.

To increase the probability of finding entries in the ontol-
ogy lexicon, we expand node labels using synonyms from the 
WordNet [26] dictionary All words in all synsets of a node 
label are searched for in the ontology lexicon.

For each entry found in the ontology lexicon, a new triple 
is created according to the syntactic behavior and semantics 
of the entry specified in the ontology lexicon.

In the running example, the dependency parse tree starts 
with the verb “playing.” The ontology lexicon may contain 
the following entry among others:

StateVerb(“play”, dbo:starring, 
propSubj = PrepositionalObject(“in”), propObj = Subject)

From this entry, the following triple is generated: 
?movie dbo:starring ?who

F I G U R E  1  Proposed system architecture
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Because the running example is a “wh-” question, a pseu-
do-SPARQL query with the variable “?who” as a select 
variable is generated. By adding the generated triple to the 
pseudo-SPARQL query, we obtain the following query:

SELECT ?who WHERE {

?movie   dbo:starring      ?who.}.

By recursively processing children of the root node “star-
ring,” additional triples are generated and are added to the 
pseudo-SPARQL query. The final pseudo-SPARQL query 
can be as follows:

 ?movie   dbo:starring      ?who.  
 ?movie   rdf:type            dbo:Film.  
 ?movie   dbo:language    res:Spanish_language. 
 ?movie   dbo:producer    David Lynch. }. 

SELECT ?who WHERE {

If more than one triple is generated for a node, each triple 
is added to the previously generated pseudo-SPARQL query to 
consider every interpretation of the original question. To retain 
these interpretations, we store all pseudo-SPARQLs results in a 
tree. Every branch in this tree represents an interpretation of the 
query. Finally, all leaves of the tree are returned.

3.4 | Candidate selection

To convert pseudo-SPARQL queries to executable 
SPARQL queries, all entity mentions in a pseudo-
SPARQL query must be replaced with the correspond-
ing resources from the knowledge base. Before replacing 
entity mentions, we check the type compatibility of the 
domain and range of the property with the type of the 
corresponding resource. The domains and ranges of prop-
erties can be obtained from the ontology or from the in-
stances of properties in the knowledge base. In the latter 
case, the type of resource used in the subject (or object) of 
a property in the knowledge base is considered to be the 
domain (or range) of that property.

In the final generated pseudo-SPARQL query, the range 
of the property “dbo:producer” and the type of “res:David_
Lynch” are both “dbo:Agent.” Therefore, the entity mention 
of “David Lynch” can be replaced with “res:David_Lynch.”

3.5 | Ranking

To rank queries, we compute the score of a SPARQL query 
as the mean score of all triples in that query. The score of 
a triple is computed as product of the scores of its subject, 
property, and object. If the subject (or object) of a triple is a 
resource in the knowledge base that is extracted by DBpedia 
Spotlight with a score α, then the score of that subject (or ob-
ject) will be α. Otherwise, the score of the subject (or object) 
will be 1.

The score of a property is 1 unless it is obtained from the 
synonyms of a word or phrase. In such cases, we reduce the 
score by a decay factor β (0 < β < 1). We experimentally set 
β to 0.9.

In the final SPARQL query in Section 3.3, if the entity 
mention “David Lynch” is replaced with “res:David_Lynch,” 
which has a final score of 0.998, then the score of the final 
triple will be 1×1×0.998=0.998. The scores of the other 

F I G U R E  2  POS tags and dependency parse tree of the running example generated using the online Stanford CoreNLP demo

Who      is         playing in    Spanish    movies  produced  by  David                      Lynch?

WP VBZ VBG IN JJ NNS VBN IN NNP .NNP

nusbj
aux amod

case
nmod:in

acl

nmod:by
case

compound

T A B L E  1  The output of the named entity recognition step

Phrase Related entity Score

David Lynch res: David_Lynch 0.998

David Lynch res: David_Lynch_(wine_expert) 0.00175

David Lynch res: David_Lynch_(pioneer) 1.53e–12

David Lynch res: Early life of David Lynch 1.27e–15

David Lynch res: David Lynch (director) 1.27e–16

David Lynch res: David Lynch (politician) 1.27e–16

F I G U R E  3  Template generation algorithm

L = Ontology Lexicon 
Ts = SPARQLs Tree 
Check(node:DepTreeNode) 
{if L.contains(node.label, node.POStag) 
  foreach entry in L.getEntries(node.label, node.POStag) 
   { t = createTriple(entry , node) 
   Ts.expand(t) 
    foreach child c of node do 
       Check(c) 
  } 
} 
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triples are 1. Therefore, the score for this query is (1 + 1 + 
1 + 0.998)/ 4 = 0.9995.

After calculating the scores for the SPARQL queries, we 
sort the queries in decreasing order by score.

3.6 | Answer retrieval

In the final step, we execute the ranked SPARQL queries over 
the SPARQL endpoint of the knowledge base to find the query 
with the highest score and a non-empty result. If such a query 
is identified, its result is returned as the answer to the question. 
Otherwise, the system refuses to answer the question.

4 |  EVALUATION

The proposed system was evaluated on the QALD-5 bench-
mark. Question Answering over Linked Data (QALD) is a 
series of challenges on question answering over Linked Data. 
It provides relevant benchmarks for evaluating QA systems. 
QALD-5 is the fifth installment of QALD. The QALD-5 data-
set contains 300 questions as a training set and 49 questions as a 
test set. All questions must be answered using the DBpedia 2014 
dataset. We selected the DBpedia ontology lexicon [27] for the 
proposed system. It covers 98% of the classes and 20% of the 
properties in the DBpedia ontology with approximately 1.3 en-
tries per class and 2.4 entries per property. Because this lexicon 
was created manually and did cannot contain all lexicalizations 
of the ontology concepts required for processing the questions 
in the benchmark, we manually added some additional entries 
to the lexicon. These entries are of the same type as those in the 
original DBpedia ontology lexicon and were generated by re-
viewing the questions that the system must answer. Therefore, 
prior to running the entire system, these entries are added to 
evaluate the performance of various parts of the system. If these 
entries are not added, the system will fail to operate properly.

To evaluate the effectiveness of our approach, we calcu-
lated the recall, precision, and F-measure for each question q 
as follows:

Table 2 lists the results for the QALD-5 test questions 
and compares the proposed method to four state-of-the-art 
systems that participated in the QALD-5 challenge. The re-
sults for these systems were reported in the QALD-5 over-
view paper [19]. The table lists the numbers of questions each 
system could answer (processed column) and the numbers of 
right and partially right answers (with F-measures strictly be-
tween 0 and 1). The overall precision, recall, and F-measure 
values were computed as the average mean of the precision, 
recall, and F-measure values for the answered questions. 
Additionally, “F-measure global” represents the average F-
measure over all questions. Questions that the system did not 
generate any SPARQL queries for were considered as unpro-
cessed questions.

To evaluate our approach further, we investigated the 
impact of question type on the evaluation measures. Some 
queries rely on concepts that are not in the DBpedia on-
tology. These concepts may be in the YAGO, FOAF, or 
DBpedia property namespaces. Additionally, some queries 
may require aggregation operations (eg, ordering, count-
ing, filtering). Therefore, we divide the questions into four 
categories: DBOnly-Agg (rely solely on the DBpedia ontol-
ogy without any aggregation operations), DBOnly + Agg 
(rely solely on the DBpedia ontology with aggregation 
operations), NotDBOnly-Agg (rely on resources outside 
the DBpedia ontology without any aggregation opera-
tions), and NotDBOnly + Agg (rely on properties outside 
the DBpedia ontology with aggregation operations). The 
numbers of questions in each category and the evaluated 
measures for the processed questions in each category are 
listed in Table 3.

To evaluate the impact of the ontology lexicon on our 
approach, we tested two automatically generated ontology 
lexicons: DBlexipedia [31] and the adjective lexicaliza-
tions generated by Walter and his colleagues [32], which 
are denoted as AdjLex. DBlexipedia was generated using 

Recall(q)=
Number of correct system answers for q

Number of gold standard answers for q
,

Precision(q)=
Number of correct system answers for q

Number of system answers for q
,

F -measure(q)=
2*Recall(q)*Precision(q)

Recall (q)+Precision (q)
.

T A B L E  2  Evaluation results on the QALD-5 test dataset

  Processed Right Partial Recall Precision F-measure F-measure global

Ours 38 21 2 0.73 0.58 0.65 0.50

APEQ [19] 26 8 5 0.48 0.40 0.44 0.23

QAnswer [28] 37 9 4 0.35 0.46 0.40 0.30

SemGraphQA [29] 31 7 3 0.32 0.31 0.31 0.20

YodaQA [30] 33 8 2 0.25 0.28 0.26 0.18
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the M-ATOLL framework [31] and contains multilingual 
lexicalizations for over 600 properties in the DBpedia on-
tology. AdjLex contains 15 380 adjective entries for 2796 
properties in DBpedia 2014. It was extracted automatically 
using a machine learning approach. Because DBlexpdia 
does not include adjective lexicalizations, we added AdjLex 
to DBlexipedia. Table 4 lists the evaluation results for our 
approach when using these lexicons and the DBpedia on-
tology lexicon.

4.1 | Error analysis and discussion

Based on our observations, there are three key reasons for the 
errors associated with certain questions in our approach. First, 
some errors occur during the syntactical analysis step. Stanford 
CoreNLP generates incorrect POS tags or dependency parse 
trees for certain questions. For example, for all questions start-
ing with “show me,” it detects the verb “show” as a noun. 
Although we corrected a few of these known errors manually, 
there are other cases that were left unchanged. In our evalu-
ations, we determined that 8% of the outputs from Stanford 
CoreNLP for the questions in QALD-5 were incorrect.

Second, there are some questions for which our approach 
cannot generate any templates. This can occur for two reasons. 
In some cases, a question may contain comparative, temporal, 
or conjunctive phrases that the current version of our approach 
cannot handle. These cases represent 18% of the questions. As 
shown in the third row of Table 3, questions that require ag-
gregation operations have lower F-measure scores than other 
questions. In other cases, there is a significant structural gap 
between the manner in which a question is expressed and the 
manner in which the related information is stored in the knowl-
edge base. For example, in the question “Who killed John 
Lennon?,” the information required to answer the question 
is contained in the entity “res:Death_of_John_Lennon” and 

property “dbp:conviction,” rather than the more probable entity 
“res:John_Lennon” and property “dbo:killedBy.” Such struc-
tural gaps existed for 6% percent of the questions.

Finally, some errors are related to the ranking step. For 8% 
of the questions, the top-ranked SPARQL query generated an 
incorrect or partially correct answer, while another SPARQL 
query with a lower score generated the correct answer. This 
demonstrates the need for additional focus on the ranking 
algorithm.

In addition to the errors described above, our approach fails 
if the ontology lexicon does not contain an appropriate lexical-
ization of the concept or property that is required to answer the 
question. As shown in Table 4, using automatically generated 
ontology lexicons decreases the efficiency of the proposed ap-
proach. Our observations revealed that the incompleteness of 
DBlexipedia and AdjLex is the main cause of this decrease 
in the efficiency. Therefore, the existence of a comprehensive 
ontology lexicon is crucial for our approach.

5 |  CONCLUSIONS

In this paper, we proposed a novel approach for QA over 
linked data. The proposed approach consists of six main 
components: syntactical analysis, template generation, 
named entity recognition, candidate selection, ranking, and 
answer retrieval. It uses an ontology lexicon to overcome 
the lexical gaps between phrases in questions and phrases 
in the knowledge base. Additionally, by using an ontol-
ogy lexicon and dependency parse trees of input questions, 
it attempts to capture all possible mappings between an 
input question and the knowledge stored in the knowledge 
base. In most cases, more than one SPARQL query is gen-
erated for an input question. A ranking algorithm is then 
used to select the query with the highest score and a non-
empty result. However, we still cannot answer questions 

T A B L E  3  Evaluation of our approach for each question category

  Questions Processed Right Partial Recall Precision F-measure

DBOnly − Agg 25 23 15 2 0.69 0.71 0.70

DBOnly + Agg 11 8 1 1 0.16 0.63 0.26

NotDBOnly − Agg 10 6 4 0 0.67 0.67 0.67

NotDBOnly + Agg 3 1 1 0 1.00 1.00 1.00

T A B L E  4  Evaluation of our approach using different ontology lexicons

 Ontology lexicon Processed Right Partial Recall Precision F-measure F-measure global

DBpedia ontology lexicon 38 21 2 0.73 0.58 0.65 0.49

DBlexipedia 19 4 3 0.47 0.23 0.31 0.12

DBlexipedia + Adj 19 4 3 0.47 0.23 0.31 0.12
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for which we do not have a correct template. Additionally, 
the proposed approach relies heavily on an ontology lexi-
con, meaning the incompleteness of an ontology lexicon 
decreases its performance. In the future, we will extend our 
templates to cover additional questions. Furthermore, we 
will attempt to develop a robust method for constructing 
ontology lexicons automatically.
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