Fact Checking over Knowledge Graphs — A Survey

UMAIR QUDUS, MICHAEL RODER, MUHAMMAD SALEEM, and AXEL-CYRILLE NGONGA
NGOMO, Data Science Research Group, Department of Computer Science, Paderborn University, Germany

Knowledge graphs are used by a growing number of applications to represent structured data. Hence, evaluating the veracity of assertions
in knowledge graphs—dubbed fact checking—is currently a challenge of growing importance. However, manual fact checking is
commonly impractical due to the sheer size of knowledge graphs. This paper is a systematic survey of recent works on automatic fact
checking with a focus on knowledge graphs. We present recent fact-checking approaches, the varied sources they use as background
knowledge, and the features they rely upon. Finally, we draw conclusions pertaining to possible future research directions in fact checking

over knowledge graphs.
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1 INTRODUCTION

Fact checking has been defined in a number of ways in the literature [14]. In general, fact checking can be understood as
the task of computing the likelihood that a given assertion is true [14]. This discipline emerged in the area of journalism,
where most of the fact checking was carried out manually by human fact checkers (e.g., expert journalists, bloggers, and
analysts) [3] until recently. However, the proliferation of websites and bots spreading incorrect claims over the Web has led
to the development of automated fact-checking approaches based on generalized sums [60], probabilistic logic [141], and
constraint programming [98] amongst others. Corresponding services [128] (e.g., PolitiFact!, FactCheck?, and Snopes?)
have also been developed to facilitate the use of (semi-)automatic fact-checking algorithms.

The need for the verification of assertions can also be observed on the Data Web and will be the focus of this paper. The
participatory paradigm underlying the Data Web has led to more than 150 billion assertions on more than 3 billion things
being published in more than 9,000 RDF knowledge graphs (KGs) [34]. Datasets such as Google Knowledge Graph [116],
Freebase [15], DBpedia [8], NELL [20, 87], Yago [13, 53, 82, 117], and Wikidata [83] are known large-scale knowledge
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graphs with billions of assertions, which are updated regularly. The assertions found in these knowledge graphs are used in
a growing number of applications (e.g., search engines [116], in-flight applications [83], community support systems [7]
and even personal assistants such as Apple’s Siri [83]). The correctness of knowledge graphs is hence mission-critical for
these applications.

Manual fact-checking approaches are clearly impractical in the context of Web-scale KGs given the sheer size of
KGs used in real-world applications. Moreover, fact-checking systems ideally need to operate in near real-time to
match the rate at which these assertions are being made [114] as well as the needs of their end users [45, 52]. Hence, a
large body of research has been devoted to developing automated fact-checking approaches for KGs (also called fact
validation approaches) [35, 40, 66, 112, 114, 122]. This paper is a survey of this body of research and covers fact-checking
approaches for knowledge graphs developed between 2014 and 2022. Our main contributions can be summarized as

follows:

We provide a systematic survey of works concerned with defining, understanding and representing the fact-
checking task with a focus on KGs. This survey is the first of its kind and provides a comprehensive comparison of

recent fact-checking approaches for KGs.

We provide a categorization of different fact-checking approaches according to their methodologies used. There-

with, we aim to ease the path of novices into the research area.

We provide a comparison of the performance of selected fact-checking algorithms using metrics such as runtime,

average accuracy, F1-score, recall and precision scores.

We provide a comprehensive comparison of fact-checking datasets and benchmarks proposed in literature.

We provide a list of open research questions and applications based on our analysis of fact checking over KGs.

The rest of this paper is structured as follows: In Section 2, we introduce the notation required to understand the rest
of the paper. In Section 3, we present our systematic survey methodology, which is divided into two parts: (1) related
surveys on fact checking and (2) publications related to fact checking over knowledge graphs. This part is followed by a
categorization of approaches in Section 4. Section 5 presents a detailed comparison of selected fact-checking approaches.
Thereafter, related benchmarks and datasets are discussed in Section 6. We then discuss the results in Section 7. In
Section 9, we provide an overview of research findings and open research questions. We also discuss applications in

Section 10. Finally, we conclude and discuss potential future work in Section 11.

2 PRELIMINARIES

There are different definitions for fact checking and related concepts, which originate from various domains, e.g.,
journalism [62, 63, 80], natural language processing [98], and knowledge graphs [66, 112, 122]. In this section, we
define the terminology and notation used throughout this survey. First, we define general terms, which are common in all
approaches. Afterward, we define the terms related to specific categories of approaches. Table 1 lists the symbols used

throughout this survey.

Definition 2.1 (Knowledge Graph). Throughout this work, we use the definition provided by [54]. This definition states
that a knowledge graph is a data graph, whose nodes represent entities of interest in the real world and whose edges
represent relations between these entities. In general, a knowledge graph conforms to a graph-based data model, for
example, the RDF model or the property graph model.
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Fig. 1. A knowledge graph excerpt from a large knowledge graph. The dotted red line shows the given fact (to check the
veracity). Filled black lines are edges (aka predicates) with labels, and the rest are nodes of different RDF classes, which
include Person, State, County, Party, and Occupation.

There are different instantiations of knowledge graphs. For example, some works in the area of fact checking rely on
heterogeneous information networks (HIN) [113, 121]. Still, most of the approaches surveyed herein use RDF knowledge

graphs, which we define as follows:
Definition 2.2 (RDF Knowledge Graph). An RDF knowledge graph G is a set of RDF triples, i.e.,
G={sDo|secEUB,pePocEUBUL), (1

where s LN o is a triple in G comprising a subject s, a predicate p and an object o. E is the set of all RDF resource IRIs, B
is the set of all blank nodes, P C E is the set of all RDF predicates and L represents the set of all literals [25].

Figure 1 depicts an excerpt of an RDF knowledge graph. We use this graph as a running example throughout this section.
G can contain terminological information, which can be exploited for fact checking. Current approaches exploit the

following.

Definition 2.3 (Class of resource). The predicate rdf : type is used to state that an RDF resource r is an instance of an

RDF class c. This is done via the statement:

rdf:type
yp———c 2)
From this statement, one can further infer that ¢ is an instance of rdfs:Class andr e EUB [18].
4From here on, we work with IRIs. The prefixes for these IRIs that we use are rdfs, rdf and, “:”. The core RDF vocabulary is defined in a namespace

informally called 'rdfs’. That namespace is identified by the URI-Reference http://www.w3.0rg/2000/01/rdf-schema# and is associated with the prefix 'rdfs’.

This specification also uses the prefix ’rdf” to refer to the RDF namespace http://www.w3.0rg/1999/02/22-rdf-syntax-ns# [19]. Furthermore, we use *:
prefix for literals.
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Table 1. List of symbols

Qudus et al.

Notation Description H Notation Description
G Knowledge graph (0] Ontology
C() Function to return the type (rdf:type)|| B,C,E,L,P All blank nodes set, RDFS classes,
of any RDF resource RDF resources, Literals and RDF
predicates, respectively
D(p) Domain of the predicate p R=B=H Horn rule
R(p) Range of the predicate p S Support
Tk Meta paths of length k C Confidence
H(C(s),C(0),mx) An anchored predicate path w.r.t s, o|| {(p) Functionality score of the predicate
and 7 p
A(k,C(s5),C(0)) Set of anchored predicate paths of H’(‘C (5).C(0)) Discriminative paths of length k be-
length k between s and o tween C (s) and C (o)
Qk (p) Corroborative paths of length k be-|| I'™ Negative (counter) examples for
tween s and o training
p(T") Triples containing the positive exam-|| T'* Positive examples for training
ples with p as relation
p(T7) Triples containing the counterexam-|| L (-) Function to return the description of
ples with p as relation any resource
s LN 0 Triple/Assertion (s = subject|| p(X,Y) Relation p between X, Y (constants
p=predicate or variables)
———— 0 =object)
B Query of body atoms By A ... A B, || ‘H Head atom
ni Intermediate nodes: i € 1...n R; Relation on iy, triple
X1 Xn,Y1---Yn Intermediate predicates on the path || e € E Edge in edges set
Set of path type sequences (features) || P Prediction
veV Vertex in vertices set p! Inverse property
@ Graph fact checking rule (GFC) N (s,0) Subgraph pattern
|| Absolute value m Depth of a subgraph
Table 2. Abbreviations and definitions
Notation | Description ‘ ‘ Terms Description
CWA Closed world assumption Claim A statement or assertion
OWA Open world assumption A statement or | A triplein G
PCWA Partial closed world assumption assertion
D-PCWA | Distant partial closed world assump- || A Fact A statement/assertion that is known or
tion proved to be true
E-PCWA | Extended partial closed world assump- || Evidence Information that can be used to assess the
tion truthfulness of an assertion or a claim
WPCA Weak partial closed world assumption || Topic Phrase describing a document
LCWA Local Closed-World Assumption Utterance Expression of a claim in natural language
FS Fact-spotting Anchored nodes | Endpoint nodes (i.e., start or end) of a path

In this survey, we use C(r) to denote the set of all classes of which r is an instance. In our running example,

:G.W.Bushisa :Person,i.., :Person € C(:G.W.Bush).
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Definition 2.4 (Domain and range). The domain of p, denoted D(p), is the set of classes such that (s 2, 0) = D(p) €
C(s). The range of p, denoted R(p), is the set of classes such that (s LN 0) — R(p) € C(o).

Let the domain of the property :party be {:Person} in our running example. Then, all subjects of triples that
include :party as predicate are instances of the class :Person. Analogously, :R.Party can be inferred to be
an instance of the RDF class :PoliticalParty based on the range of the property : party being the singleton
{:PoliticalParty}.

Two important classes are the datatype properties and object properties:

Definition 2.5 (Datatype property). Given a triple s 2, o, if p is a datatype property, then o € L [11].

:birthDate
For example, :B.Obama —— “August 4, 1960”.

Definition 2.6 (Object property). Given a triple s 2, o, if p is an object property, then o € EU B [11].

:spouse
For example, :B.Obama ———— :M.Obama.

Definition 2.7 (Inverse property). Given an object property p, the inverse of p —denoted p~!— is the property such that
-1
(s 2, 0) = (o £, s). Note that D(p~!) = R(p) and R(p~1) = D(p), and P~! is the set of all inverse properties [11].

:spouse :spouse

To exemplify, :G.W.Bush :L.Bush? is a direct consequence of the assertion : G.W.Bush

:L.Bush in our knowledge graph.

Definition 2.8 (Functional property). A functional property is a property that can have only one (unique) value object o

for each subject s, i.e., if s i o1 and s i 02 hold, then 0; = 02 can be inferred [18].

If more than one object can be associated with a given subject by virtue of a property p, then p is either quasi-functional

or not functional. The functionality score of a property is defined as follows.

Definition 2.9 (Functionality score).

B |{s|30:sﬂ>oeg}|

= 5 .
H{(s,0) s =o€ G}

Note that {(p) € [0, 1]. It is exactly 1 for functional properties, e.g., :birthDate. Itis close to 1 for quasi-functional

{(p)

3)

properties, and it is smaller for non-functional properties, which can link a single subject to many objects, such as

:actedInMovie [66].

2.1 Fact checking over knowledge graphs

For this survey, we build upon the definition of fact checking over knowledge graphs suggested in [123]:

Definition 2.10 (Fact Checking). Given an assertion in the form of a triple s 2, o, a reference knowledge graph G, and/or

a reference corpus, fact checking is the task of computing the likelihood that the given assertion is true or false.

. :spouse . .
In our running example, :B.Obama Z2E0R, M. Obama is the statement that is to be fact checked. To perform fact

checking, supervised and rule-mining-based methods (see Section 5 for details) rely on the generation of counterexamples.

5The left arrow notation represents the inverse property
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Definition 2.11 (Counterexamples). A counterexample to a given triple s ?, o is a triple x EN z, which is similar
(according to some measure of similarity) to s 2, o but has the opposite truth value. Commonly x s zis generated
from s 2, o0 € G by altering a single member or several members of the triple in such a manner that the resulting triple
xz ¢ G [45].

From our running example, some counterexamples are: :G.W.Bush _ibirthplace, :Canada or :B.Obama
e, .L.Bush. A set of counter- and true examples are denoted as '™ and T'*, respectively. In the following, we
look at assumptions made for inferring supplementary triples from G, these assumptions generally assume that G contains

only true assertions.

Definition 2.12 (Open-world assumption (OWA)). Under the OWA, an assertion that is not contained in G and cannot be

inferred from G is not necessarily false; its veracity (i.e., whether it is true or false) is just unknown [54].

This is a crucial difference to many standard database settings, which operate under the closed-world assumption
(CWA).

Definition 2.13 (Closed World Assumption (CWA)). The closed-world assumption states that any statement that is neither
in G nor can be inferred from G is false. Thus, each of these false statements can be in I'” under the closed world
assumption [118].

For example, our running example does not mention whether : G.W.Bush and :L.Bush have children. Under the
CWA, one can infer from the example that they do not have children. Similarly, the statement :B.Obama opomee
:M.Obama ¢ G, so it would be inferred to be false under the CWA, which is incorrect at the time of writing. However,
under OWA, one can conclude from our example that : G.W.Bush and : L. Bush may or may not have children and that
:B.Obama may or may not be married to : M. Obama. Hence, most fact-checking approaches refrain from assuming the
CWA.

Definition 2.14 (Partial closed-world assumption (PCWA)). The idea behind PCWA is that given a statement s L o0 in the
knowledge graph G, and {(p) > ¢ (p_l), we can assume that all s 2, o’ ¢ G are valid counterexamples. Under the same

assumption, we can derive that all s’ 2, o0 ¢ G are valid counterexamples if {(p) < ¢ (p_l) [66].
PCWA is alternatively denoted as Local Closed-World Assumption (LCWA) in the literature [58].

Definition 2.15 (Evidence for a statement). A piece of information that can be used to assess the veracity of a given
P . . . . . .

statement s — o is called evidence [14]. Evidence can be of different forms. Examples include a sentence in a document,

arow in a web table, and an assertion in a knowledge graph [71].

For instance, “Barack Obama is the President of the United States, born in Hawaii...” from Wikipedia can be regarded

. :president
as evidence for the statement : B. Obama —— : USA.

2.2 Meta-path-based approaches

Some fact-checking approaches rely on paths. The notation used in path-based approaches is as follows.

Definition 2.16 (Simple path). A path of length k in a knowledge graph G is a cycle-free sequence of triples from G of
the form vg h, U1 P, 02 ...vk_lp—k> v , where v; with 0 < i < k represents a subject or an object entity along the
path [112].
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ipart :countr :firstLad . .
For example, : B.Obama S . Party Y, .usa Y, :M.Obama is a path of length 3 in

Figure 1. Several paths can exist between two nodes in the graph. A path can be a directed path as the example above, or
an undirected path. Intermediate edges in a directed path are in a single direction (i.e., either subject to object or object
to subject). On the other hand, edges in an undirected path are in both directions. An example of an undirected path is:
roccupation roccupation
:B.0Obama —————— > :Lawyer ¢———— — :M.Obama..
Definition 2.17 (Specificity of a path). The specificity S of a path (vg o, U1 P, vy .. .Uk_lp—k> v) with k + 1 nodes is
inversely proportional to the sum of logarithms of the degrees of its intermediate nodes. It is formally defined as:
1
S = Ty load (o) @
1+ 22 logd (v)

where d (v;) represents the degree of intermediate nodes in G.

Definition 2.18 (Meta path). Given a path of length k in a knowledge graph G, a meta path ;. based on this path is
defined as a directed, sequence of classes and predicates: Cyp a4, Cy 2, Cy... Ck,lq—k> Cr in G, such that C; € C (v;),
where C (v;) denotes the classes of vertex v;, q; represents the predicate of a directed edge that connects vertex V; to Vi1,
such that g; € PUP™! [112].0

. 2 :occupation . :occupation
From our running example, the meta path 75, =:Person ——————— :0ccupation ¢—————— :Person

. :occupation roccupation
can be derived from the path : B.Obama ——— :Lawyer «—— — :M.Obama .

Definition 2.19 (Anchored predicate path). Given a meta path ry, the corresponding anchored predicate path (¢ (s),c(0),7)
w.r.t. to a pair of entities (s, 0) is the directed sequence of edges with classes of endpoints y1(c(s),c(0),z) = Co RENLCN
PN Cr. with Cy € C (s) and Cy. € C (o) [112]. Furthermore, we denote a set of all anchored predicate paths of length
k between two entities s and 0 as A (g c(s),c(0))> and we write Ay as a short hand for A c(s).c(0))-

For our running example, an anchored predicate path for 72, between Barack Obama and Michelle Obama is
roccupation :occupation

H(C(:B.0bama),C(:M.Obama),x2,) = :P€rson :Person. While this anchored path ex-

ists between the Obamas, it might not be helpful when determining the veracity of triples with the predicate : spouse,
as having the same occupation may not be a viable predictor for the veracity of : spouse relation. Ergo, discriminative

paths are defined.

k
(C(s),C(0))
predicate paths of length k that encapsulate the relationship between C (s) and C (o) [112].

Definition 2.20 (Discriminative path). The discriminative paths IT C Ak,c(s),Clo)) are those anchored

. . . . :spouse N
In our running example, one of the given assertions is :B.Obama :M.Obama. Some discriminative
. . :child :child
paths I12 related to a given triple are: (1) :Person ——— «———— :Person , (2) :Person
(:Person,:Person)
:president :firstLady
:Person .

Corroborative paths of a property p are those anchored predicate paths that are used to corroborate the existence of a
triple with the predicate p between two resources [122]. Given an RDF knowledge graph, approaches based on corrobora-
tive paths assume the existence of an RDFS class hierarchy for the said graph (defined via the rdfs:subClassOf

predicate). Consequently, these approaches can derive the following important condition on Ay which are to corroborate

OThe definition in [112] defines pi as “the predicate” of the directed edge that connects two vertices. We changed this to “the predicate of a directed edge”
since there might be several directed edges with different predicates connecting two vertices.
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the correctness of s 2, o: Only anchored predicate paths in Ak p(p) R(p)) can corroborate assertions with the given
predicate p [122]. Anchored predicate paths use only the class subsumption hierarchy (i.e., C(s) and C(0)) to measure the
strength of the association between paths and predicates. However, corroborative paths also exploit domain and range
information, i.e., D(p) and R(p), in conjunction with RDFS axioms in the input knowledge graph G to determine whether

a path 7. corroborates a predicate p or not.

Definition 2.21 (Corroborative path). Given an RDF knowledge graph G, corroborative paths of length k are paths that

carry similar information as p [122]. We define the set of corroborative paths for a predicate p formally as:

k
k
2 (p) = A0 ()R - ®
P

. . . . . i spouse
In our running example (shown in Figure 1), corroborative paths of the assertion : B. Obama ———— :M.Obama

are paths between persons, as : Person is both the domain and range of the predicate : spouse. For example, it will
also include paths between : G.W.Bush and : L. Bush, and may also include paths between :M.Obama and : L.Bush,

because they are also in the domain and range of the predicate (: spouse) [66].

2.3 Rule and graph-pattern -mining-based approaches

The following notation is used in rule-mining-based and graph-pattern-mining-based approaches for fact checking. Mining
is the process of searching for patterns in the data. For example, if person A is the spouse of person B, then usually B is

also the spouse of A (symmetry of marriage). We write such rules using the syntax of first-order logic [118]. For example,

we would write the example rule as:’

:spouse :spouse

(?a ?a). 6)

Such rules have several applications: First, they can help to complete G. For example, if we know that : B. Obama
:spouse :spouse
ey

?b) = (?b

:M.Obama, then we can infer that it is likely that :M.Obama :B.Obama also holds. Second,
those frequent rules give us insight about our data, biases in the data, or biases in the real world [118].
Recent work focuses on discovering such rules automatically in the data. The components of a rule are called

atoms [118].

Definition 2.22 (Atom). In rule-mining approaches, an atom is an expression of the form s — o. An atom is instantiated

if the subject or the object is bound, but not both subject and object are bound. Note that the predicate of an atom is

:livesIn :livesIn . :spouse . .
always bound. Hence, :B.Obama ?x,?2 :Berlinand ?x ———— ?y are atoms. Like in

SPARQL, we denote unbound variables with small letters and a question mark as a prefix. If both subject and object
are bound values, the atom is grounded, and it is an assertion [41]. For example, : B.Obama _sponse, :M.Obama is a

grounded atom.

A (conjunctive) query is a conjunction of atoms: By A --- A B,. A substitution function o(+) is a partial mapping
from unbound variables to bound values. Substitutions can be extended to atoms, conjunctions and rules. A result of
a query By A ... A B, on G is a substitution function o(-) that (1) maps all unbound variables and (2) that entails
Vie [1,n] o(B;) € G [41].

7We use the infix notation to be consistent with Section 2.2.
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Definition 2.23 (Horn rule). A (Horn) rule R is a formula of the form 8 = H, where H is the head atom and B is the
(conjunctive) query of atoms By, ..., By. B is called body of the rule [41].

Approaches like Tracy [39] and AMIE [40, 41, 66] use Horn rules for fact checking over G using predictions.

Definition 2.24 (Prediction). Given arule R = By A ... A B, = H and a substitution function o(-), we call o(R) an
instantiation of R. If Vi € [1,n] o (B;) € G , we call o(H) a prediction # of R from G, and we write G AR | P. If
o(H) € G, we call P a true prediction [66].

:spouse

To exemplify, we can predict that : B. Obama :M.Obama using the following rule:

:child

:child :
(?x ——> 2z) A (?y BN ?z) = (?x pones

?y). @)
Most of the rule-mining-based approaches are supervised [40, 41, 66]. Therefore, these approaches need counterexamples
for the training data. These counterexamples as well as assertions from G are used to calculate the support and confidence
of the given assertion. The support and confidence of rules or patterns that assist a given assertion are used in all rule and

pattern mining approaches.

Definition 2.25 (Support). The support S(R) of a rule R in a knowledge graph G is the number of true predictions P that
the rule makes [66]:
SR)={P: (G AREP)AP € G} ®)

Definition 2.26 (Confidence). The confidence C(R) of a rule R in a knowledge graph G is the proportion of true
predictions out of the total number of predictions:

S(R)
SR)+{P:(G AREP)AP eT- (R}’
Here in equation 9, I'” (R) denotes the set of counterexamples of R. If the counterexamples are chosen under PCWA, we
refer to C(R) as the PCWA confidence and denote it by Cpcya (R) (analogously for the CWA or other approaches) [66].

C(R) =

)

These counterexamples are generated in most of the rule-mining-based or supervised mining methods under PCWA. A
special form of PCWA is weak PCWA (WPCA). The description of resources and the similarity between resources are used
in WPCA, which are defined as follows.

Definition 2.27 (Description of resource). Let L be a function, which encodes the content of entities v; (respectively

edges e;), such as types, properties, or names (respectively, relations or actions) as found in G [78].

In our running example, we may define the description of node L(:R.Party) as “Republican Party”. These descrip-
tions are used for approximate graph pattern matching. Ly (-) is used to encode the graph pattern’s resources, while L(-) is

used to encode G’s resources.

Definition 2.28 (Graph pattern). A graph pattern 8(vs, v,) contains a set of pattern nodes Vi and pattern edges Ex®.
From the variables in the graph patterns, two designated nodes are called anchored nodes vs and v,. These variables have

the given labels Ly (vs) and Ly (v,), respectively. For simplicity, we will refer to N (v, v,) as N (s, 0) [78].

Specifically, a triple pattern vs 2, v, is a graph pattern that contains a single pattern edge with two pattern nodes
with labels Ly (vs) and Lx (v,), respectively. The similarity between two resource labels in G and N (s, 0), respectively, is
defined as follows.

LN graph pattern N(uvs, 0,) is a set of basic graph patterns. A Basic Graph Pattern is a set of Triple Patterns” [104]
Manuscript submitted to ACM



10 Qudus et al.

Definition 2.29 (Similarity function). Given two descriptions L and L”, we make use of a description similarity predicate

to verify if L and L are similar for a similarity threshold «, denoted as L ~, L’.

Definition 2.30 (Graph pattern matching). Let V and E represent nodes and edges of G, respectively. Vi and Eg represent
the nodes and edges in N (s, 0), respectively. Given a description similarity predicate, it extends the approximate pattern
matching [81] as a matching relation R C Vi X V between pattern N (s, 0) and G, under similarity threshold a. For each
node pair, (u,v) € R, the following three requirements should hold:
(1) L(w) ~a L(0),
(2) for every edge e = (u,u’) € Ey, there exists an edge e’ = (v,0”) € E such that L (u”) ~y L (v), and L(e) ~4 L (¢’),
and
(3) for every edge e = (u”’,u) € Ex, there exists an edge e’/ = (v”’,v) € E such that L (u”’) ~4 L(v”), and
L(e) ~q L(e”) [78].

Definition 2.31 (Weak partial closed world assumption (WPC2)). Given an assertion s LN o€ F; , where I}j' are those

assertions in T'* that contain the predicate p. We say that a statement s 2, o’ is false under WPCA witnessed by a statement
s 2, 0, iff L (0) +o L (0”). We remark that PCWA is a special case of WPCA; however, if L (0) # L (0”) is enforced,
WPCA is equivalent to PCWA [78].

To exemplify, consider a statement ¢; = : G.W.Bush M) :Connecticut where L(:Connecticut)
is “state”. Let t = : G.W.Bush wc—i :NewHaven ¢ G be another statement and let L(: NewHaven) be
“city” instead of “state”. Here, the missing statement t is considered to be false under PCWA (due to a witness #1).

However, WPCA excludes it from I'", given that “city” and “state” are close resources (i.e., < a).

Definition 2.32 (Graph fact checking rule). A graph fact checking rule (denoted as GFC) is in the form of ¢ :
N(L(s),L(0)) = qs 2, qo, where (1) N(L(s),L(0)) is a graph pattern and (2) gs LN qo is a triple pattern (not in
N (s,0)) carrying the same pair of anchored nodes as 8(L(s), L(0)) [78].

Approaches such as graph fact checking rules (GFC) [76] and ontological graph fact checking rules (OGFC) [77] mine

the subgraph patterns from G and use them for fact checking.

A GFC ¢ states that a pattern N (s, 0) covers an assertion s LR 0 in G if s and o match its anchored nodes L(s) and
L(o), respectively. In other words, given a new assertion ¢ = s; b, 01 not in G, ¢ states that ¢ should exist in G if it is an
instance (match) of g, p—1> qo, and s; and o are also matches of 8(s, 01) [78]. The GFC-based approach uses the graph

patterns to validate assertions.

3 SURVEY METHODOLOGY

We mainly rely on the approach to systematic surveys proposed in [59, 89]. We also include a description of related

surveys for the sake of completeness.

3.1 Related Surveys

In the literature, researchers focus on the automatic fact-checking task stemming from natural language processing
tasks [49, 143, 145] (i.e., claim detection, evidence retrieval, verdict prediction, and justification production). Hence,
these surveys are disjoint from our work, as we target on summarizing existing fact-checking methods over knowledge
graphs.
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To the best of our knowledge, until date, there exists no comprehensive peer-reviewed survey on fact checking over
knowledge graphs. Neema et al. [64] present a survey of automated fact-checking approaches that provide explanations,
i.e., reasons for their predictions. Table 3 shows that their survey has a limited coverage compared to our work. We aim to

fill this gap. Our survey covers 27 approaches and 35 benchmarks.

Table 3. Overview of surveys on fact checking; the abbreviations are: TB/Text-based, PB/Path-based, RMB/Rule-mining-
based, EB/Embedding-based, App/Approaches, and Bench/Benchmarks.

Study Year Techniques Datasets App Bench
TB PB RMB EB. Hybrid

Neemaetal. [64] 2020 X V/ X X X X 5 5

Qudus et al.(ours) 2023 v V/ v v v v 27 35

3.2 Methodology

In this section, we present our methodology for the literature review on fact checking over knowledge graphs [59, 89].

3.2.1 Research questions. We aim to answer the following research questions:

RQ; : Which categories of fact-checking approaches exist (e.g., based on common implementation templates) and what
are their characteristics?

RQ2 : Which challenges are associated with fact checking?

RQ3 : Which trends can be observed across fact-checking approaches over the time frame of the survey?

RQ4 : What is the (relative) performance of representative fact-checking approaches?

3.2.2 Search Strategy. The search strategy for this systematic survey was iterative and was run separately by the first
two authors to avoid a bias and ensure an appropriate coverage of related articles. Based on the research questions above,
each author identified terms that seemed most appropriate for this systematic review. These include “fact checking”,

“fact-checking”, “truth finding”, “fact validation”, “fact confidence”, and “fact verification”. We used those keywords to

derive the following queries:

e intitle: (fact checkingOR fact-checkingOR fact verificationOR fact validation
OR fact confidence OR truth finding) AND (using OR over) AND (knowledge graphs OR corpora
OR both: corpora and knowledge graphs)

o (fact checking OR fact-checking OR fact verification OR fact validation OR fact confidence) AND (using OR over)
AND (knowledge graphs OR corpora OR both: corpora and knowledge graphs)

The intitle tag was used to specify that the selected keywords should be present in the title of the paper, where
applicable. As suggested by Moher et al. [59, 89], searching in the title alone does not always provide us with all relevant
publications. Ergo, we do not restrict ourselves to searching the keywords in the title only. In the second query we include

the abstract and the remaining text of the publication in the search space.

3.2.3 Search databases. With the keywords defined above, we searched for publications in the following list of
search engines, digital libraries, journals, conferences, and their respective workshops:
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e Google Scholar 9

o IEEE Xplore Digital Library (IEEE Xplore) 1°
e ACMDL !

e Science Direc
e Semantic Web Journal (SWJ) 13

e Journal of Web Semantics (JWS) 14

e Journal of Data and Knowledge Engineering (JDWE) 1

o International Journal on Semantic Web and Information Systems (IJSWIS) 16

¢ 12

3.2.4 Inclusion criteria. Our inclusion criteria were as follows:

o Publications in English between 2014 and the first half of 2023.
e Algorithms and frameworks that focus on fact checking over knowledge graphs using (1) knowledge graphs,

(2) corpora, or (3) both corpora and knowledge graphs as background knowledge.

3.2.5 Exclusion criteria. We did not include publications in the current survey if they fulfilled one of the following

criteria:

e Publications that were not peer-reviewed.

e Assessment methodologies that were published as a poster or abstract.

o Fake news identification approaches that are related but aim at a different goal.
o Fact checking for unstructured web data and structured relational data.

o Studies that did not propose any methodology or framework for fact checking.

3.2.6 Search methodology steps. To conduct our systematic literature search for fact-checking approaches, we

applied a seven-step search methodology:

(1) Apply keywords to the search engine using the time frame 2014-2023.

(2) Scan article titles based on our criteria.

(3) Import the output from step 2 to a reference manager software to remove duplicates!”.
(4) Review abstracts based on our criteria.

(5) Analyze the selected articles based on our criteria and the research questions.

(6) Retrieve new papers from the list of references cited by the papers of step 5.

(7) Scan the references from the survey papers that passed steps 5 and 6 and retrieve new papers that fulfill the criteria.

Additionally, we added any new survey that we discovered during our search methodology steps to the results of the
related surveys in Section 3.1. Table 4 provides an overview of the number of papers retrieved in each phase of the search
methodology. Due to the large amount of results obtained from Google Scholar, ACM DL, and Science Direct, step 2 was

applied to the top-1000 relevant results.

9hnp://scholar.google.com/

l0https://ieeexplore‘ieec.org/Xplore/home‘jsp

Uhttp://dl.acm.org/

2http://www.sciencedirect.com/

13http://www.semamic»web— journal.net/

http://www.websemanticsjournal.org/

15http://www.journals.elsevier.com/data—ancl—knowledge—engineering/

16http://www.ijswis.org/

"Here, we used Mendeley 1.19.3 http://www.mendeley.com/ as it is free and has the required deduplication functionality.
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Table 4. Number of retrieved related papers for each phase of the search methodology

Search Steps

Engines 1 2 3 4 5 6 17
Google Scholar 35,900 293 280 23 13 14 18
IEEE Xplore 6 1 o 0 0 0 o
ACM DL 1762 156 15 2 2 2 3
Science Direct 35,396 110 17 5 5 6 6
SWIJ 50 1 o 0 o0 0 O0
JWS 3 1 o 0 o0 0 O
JDWE 0 0 o 0 o 0 o0
WIS 0 0 o 0 o0 0 O
Total 45297 562 312 33 20 22 27

4 CATEGORIZATION

To answer the first research question, we divided the fact-checking approaches into categories. We applied two different
category schemes: hierarchy and coloring (see Figure 2). First, fact-checking approaches can be divided into two major
categories based on the reference knowledge the approach relies on. Some approaches use structured knowledge [43, 44,
122], while others use textual knowledge [45, 123] to check the veracity of assertions. Figure 2 gives an overview of these
two major categories, their subcategories and publications within the single categories. Second, the different approaches

can be either supervised or unsupervised. We used colors to mark the approaches of these two categories in Figure 2.

4.1 Fact checking using textual reference knowledge

Approaches in this category validate a given assertion by searching for evidence in the textual references. There are

mainly two types of textual reference knowledge sources that are used—web text corpora and local text corpora.

4.1.1 Fact checking using a web corpus. Fact checking using a web corpus requires access to a web search engine.
Search engines like Bing!® or Google!® provide this access through their web application programming interface (API).
The most popular API among fact-checking approaches is the Bing search API??. Different approaches have been
proposed for validating an input assertion using the web corpus, such as T-verifier?! and DeFacto [45, 74]. In contrast
to other approaches, DeFacto (Deep Fact Validation) uses a combination of textual evidence and machine learning to
evaluate a given assertion. It relies on word proximity analysis [100] combined with a string similarity search in the web

corpus to determine the veracity of a given assertion [45].

4.1.2 Fact checking using a local corpus. Some fact-checking approaches use a local corpus as reference knowledge,
e.g., FactCheck [123] uses Elasticsearch?? to index all articles in the English Wikipedia and search for textual evidence.
Moreover, FactCheck calculates the confidence of a given assertion and the document’s trustworthiness to determine
whether the given assertion is true or false [123]. To address Defacto’s drawback (i.e., string matching and string similarity
search [45]), FactCheck takes into account the sentence coherence features.

18https://www.bing.com/

Yhttps://www.google.com/

20hltps://azure.microsofl.com/en—us/services/cognitive—services/bing—web—search—api/

21 Toverifier is excluded because it is older than the timeframe of this survey.
22https://www.elaslic.co/
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Fig. 2. Categorization of fact-checking approaches. Supervised and unsupervised approaches are marked orange (@) and
green (@), respectively. Categories that are related but excluded from the survey are colored gray (®).

4.2 Fact checking using structured reference knowledge

Approaches in this category validate a given assertion using a knowledge graph as reference knowledge. Some of the
approaches, i.e., link prediction and knowledge graph completion, listed in this category serve a different but related
goal and can also be used to perform fact checking [43, 44, 137]. We further categorize these approaches based on their

methodology (see Figure 2).

4.2.1 Path-based approaches. Path-based approaches are generally used to validate the input assertion by traversing
one or several paths from the subject to the object node of the given assertion. These approaches validate the input
assertion by exploiting the related knowledge represented in the knowledge graph. We further categorize them based on

the type of path they use.

o Shortest specific path-based approach: Ciampaglia et al. [24] propose Knowledge Linker (KL), an approach that
relies on the shortest and most specific path between s and o. The veracity of the given assertion is calculated based
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on the length and the specificity of the respective path (see Figure 5a). Shiralkar et al. [114] propose an improved
version of KL by introducing semantic biases in the search for the shortest specific path. The approach is called
Relational Knowledge Linker (KL-REL).

Path enumeration-based approaches: Approaches within this category gather all paths . of length k between s
and o. The fact-checking task is performed by calculating a confidence score for each path. After computing the
confidence score of each path, a final veracity score is computed by taking into account the most relevant meta paths
based on some measure, e.g., similarity. However, approaches such as PathSim [121], PC [120], HeteSim [113],
PRA-basic [67], and PCRW [68], do not only need human-annotated paths. They also have strict constraints on
input paths, e.g., paths with specific types of relations only. Some of these approaches (such as PCRW [68]) require
exhaustive enumeration of all paths and are very sensitive to the length of paths [67]. In addition, approaches of
this category are impractical on large-scale knowledge graphs due to the exhaustive number of paths. Within this
survey, we exclude PC, PRA-basic, PathSim, and PCRW from our further discussion because they are older than
our selected time frame.

Anchored predicate path mining-based approaches: In simple meta paths, the presence of entity class information
may sometimes be redundant because it can be inferred from the predicates on the path [112]. KGMiner [112]

and FSPG [85] use anchored predicate paths Ak, which only contain class information of anchored nodes and the

k
(C(05),C(o

AK as input to a logistic regression model [112]. The FSPG approach selects only those anchored predicate paths

properties of the path. In KGMiner, the most discriminative paths (IT ))) are selected from all possible
AF that have the highest similarity between the given node pair (s and o) and Ak using a similarity scoring function.
With an increasing size of the knowledge graph, the number of meta paths increases exponentially [68]. Identifying
and selecting all meta paths is a challenging task [5, 55]. Consequently, the following approaches are built to select
the most appropriate meta paths between the subject and object of a given triple.

Corroborative path-based approach: Anchored predicate path-based approaches make use of class subsumption
information. COPAAL [122, 125] exploits further RDFS semantics of the reference knowledge graph (G) using
domain and range information of the given assertion’s predicate. It uses corroborative paths, which are further
restricted to start and end with entities that fulfill the predicate’s domain and range restrictions, respectively.
Path ranking-based approaches: Approaches of this category use meta paths between s and o as features in a
statistical model. Based on this model, they rank meta paths and determine a final veracity score. A basic example
of such an approach is PRA [44]. It generates a training set by performing two-sided-random walks starting from
the source and target nodes without any constraints. The best paths are selected as features and stored in a feature
matrix. For a given assertion s 2, o, any value in the matrix is calculated by finding the probability of reaching
the target node after a random walk from the source node on one of the selected paths. PRA approximates the
probability using rejection sampling to reduce the computational complexity [56]. The input assertion is then
validated using the feature matrix. SFE extends PRA by extracting features from subgraphs of the knowledge
graph [43]. Given a parameter m, the subgraph of depth m for each node n; is the result of m breadth-first search
steps starting at n;. A meta path that connects a source node to a target node is obtained by the intersection of the
subgraphs of the source and target at a common node. SFE uses such meta paths to identify binary features. These
features are then used in a classifier trained on positive and negative examples [43].

Network-flow-based approach: Shiralkar et al. [114] propose a network-flow-based unsupervised approach called

Knowledge Stream (XS). This approach transforms the fact-checking problem into a minimum cost maximum
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flow problem. Each edge of the graph is associated with two quantities: a cost of usage and a capacity to carry
knowledge related to s i o0 across its two endpoints [114]. The final veracity score is based on the scores of the

best paths between s and o.

4.2.2 Rule-mining-based approaches. Rule-mining-based approaches extract association rules to perform the fact-
checking or fact-prediction task on the knowledge graph [40, 41, 66]. We categorize these approaches based on the type
of methodology they adapt to perform the fact-checking task.

o Inductive logic programming (ILP)-based rule-mining approaches: ILP-based approaches make use of training
examples. Training examples consist of positive examples and counterexamples. The task of learning rules
from these examples is called ILP. ILP-based approaches are used in database literature [47, 91, 106] and are
also known as the first generation of rule-mining approaches. However, these approaches are not suitable for
large-scale knowledge graphs because of the OWA. The OWA implies that the knowledge graphs do not store the
counterexamples (see Definition 2.12), which are required in ILP-based approaches. WARMeR generates the
counterexamples by assuming the knowledge graph is complete [47]. In contrast, Meng et al. [91] propose a
method to generate the counterexamples from random facts using a positive-only learning function. This approach
is used for ILP on knowledge graphs in a more systematic way by Suchanek et al. [118]. Galarraga et al. elaborate
that these ILP-based approaches are not designed for knowledge graphs and present the PCWA [41]. AMIE and
AMIE+ are the first approaches in rule mining, which explicitly target large-scale knowledge graphs [40, 41, 119].
These approaches mine association rules from the knowledge graph in the form of conjunctive horn clauses. In
rule-mining-based models, rules state that the instance of an assertion exists if it satisfies the description of the
pattern. Graph-pattern association rules (GPARs) on the other hand discover association rules in the form of
=S 2, o, with a subgraph pattern ¢ and a single assertion s 2, o not in ¢ [36]. GPARs predict the edges via
frequent subgraph pattern mining. These methods are faster than the previous ILP-based approaches, but they can
still take hours, or even days, on large-scale knowledge graphs (see Table 14). In the following, we discuss the
state-of-the-art optimization techniques to further speed up the rule-mining process.

— Parallelism-based rule mining: The ontological path-finding approach (OP) uses a cluster computing framework
(i.e., SPARK?3) to compute the confidence (C) and support (S) of atoms to speed up the rule mining process [22,
23]. To scale to large knowledge graphs, Chen et al. [22] parallelize the mining algorithm by dividing the input
knowledge graph into smaller subgraphs. Afterward, the efficient rule mining algorithm extracts inference rules
from subgraphs using parallel in-memory join queries.

— Non-exhaustive rule mining: RuD1iK is another rule-mining-based approach that uses the partial closed world
assumption to generate explicit semantically related counterexamples [95]. RuDiK’s strategy, to find the best
rules that are necessary to predict the true training assertions, is based on a greedy approach that at each
step adds the most suitable rule to the output set. This strategy is different from other exhaustive rule mining
approaches [36, 40, 41, 66]. The goal of the approach is to find the best possible rules for better predictions, not
all rules above a given threshold value. This non-exhaustive nature leads to a better runtime than AMIE [41] or
AMIE+ [40]. But AMIE-3. 0 [66] outperforms RuDiK in terms of runtime due to its optimization and pruning
strategies, such as lazy evaluation, parallel computation and others (see Section 5 for details).

e Unsupervised rule-mining-based approach: The majority of the state-of-the-art rule-mining-based approaches
rely either on positive or negative rules for link-prediction or fact-checking tasks. However, Kim et al. [58]

2 https://spark.apache.org
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propose KV-Rule, an unsupervised approach that considers both negative and positive rules to predict the missing
assertions in a knowledge graph. They also propose a distant partial closed world assumption (D-PCWA) for the

generation of counterexamples [58], as explained in Section 6.3.

4.2.3 Graph pattern-mining-based approaches. In this category of approaches, models and pattern discovery
methods are proposed that explicitly incorporate discriminant graph patterns to support fact checking over knowledge
graphs [76]. These patterns are used to construct classifiers based on rules or latent features. While rule-mining-based
models are easy to interpret, they come with several drawbacks. For example, rule-mining-based models lack the
necessary expressiveness to explicitly describe subgraphs as discriminant features [76]. Rules cover only a subset of
useful patterns [93], and they are expensive to find using subgraph isomorphism. To overcome these drawbacks, Lin et

al. [76] propose the following two approaches.

o Graph Fact Checking rules (GFC): In a GFC-based approach, a set of approximate patterns GFCs are mined
from the knowledge graph. Afterward, it dynamically selects the useful GFCs from the GFCs set to perform the
task of fact checking [76, 78]. For example, a given assertion is true if it exists in the selected GFC ¢ from the
knowledge graph. The GFC approach is a supervised fact-checking approach that uses the approximate pattern
mining approach instead of subgraph isomorphism. Subgraph isomorphism-based approaches (such as GPARs [36])
produce redundant patterns that are hard to compute compared to the GFC approach. The GFC can also be used as
a standalone rule model like in AMIE, AMIE+ or AMIE-3. 0 [40, 41, 66], but not vice versa. The GFC approach

generates counterexamples by considering the PCWA.

Ontological Graph Fact Checking rules (OGFC): Ontology-based pattern matching was introduced to replace
exact label matching [113] with an ontology-based similarity function [72, 140]. In the ontology-based similarity
function, OGF'C’s authors tweak the similarity function defined in Definition 2.29 to find semantically close labels
within the ontology. The OGFC approach [77] generalizes the GFC approach [76] by incorporating both topological
constraints and ontological closeness to better distinguish between true and false assertions. Unlike GE'C, this
approach proposes a unified model for multiple types of assertions with semantic closeness. Similar to GFC, OGFC

also generates counterexamples by considering the PCWA.

4.2.4 Embedding-based approaches. Embeddings encode entities and relations in the knowledge graph into a
low-dimensional vector space while preserving certain information of the graph and minimizing a margin-based ranking
loss [16, 57, 79, 137]. Multiple variants of embedding-based algorithms exist. These approaches use embedding features
for tasks, such as knowledge graph completion or link prediction [16, 30, 57, 130]. However, only three approaches
are included in our survey. TRANSH [137] and TrRANSR [79] use their embedding models to tackle fact checking.
ESTHER [27]) makes use of the continuous representation of G provided by an embedding model to search for paths.
These paths can be used in combination with one of the aforementioned path-based approaches (e.g., COPAAL [124]) to

improve the performance of the fact-checking task [27].

4.3 Hybrid fact-checking approaches

FACTY, ExFaKT and Tracy are hybrid approaches that exploit structured and textual reference knowledge to find the
veracity of a given fact [38, 39, 71]. ExFaKT and Tracy use rules mined from the knowledge graph and search for
evidence on the web and knowledge graph using those rules. FACTY leverages textual reference and meta-path-based
techniques to find supporting evidence for each triple, and subsequently predicts the correctness of each triple based on
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the evidence [71]. Ahmadi et al. also propose a hybrid approach (dubbed as MAP) to discover assertions using answer set
programming (ASP) [1]. Rules are automatically discovered from the knowledge graph using an existing rule-mining
approach, e.g., [95]. Then, those rules are used for web-mining to support the task of fact checking. The set of rules is
turned into a logical program, and the fact-checking task is modeled as an inference problem in a probabilistic extension
of ASP. In ASP, search problems are reduced to computing stable models (aka. answer-sets), which are a set of beliefs
described by the program. In a horn program, the stable models are the same as the minimum models. However, they
can differ when the program allows for more expressive language structures like defaults, negations, and aggregates [1].
Most of the approaches above make use of at most two categories of fact-checking approaches. HybridFC is the only
approach that makes use of three categories of approaches, i.e., text-based, embeddings-based, and meta-path-based, in an
ensemble learning setting [105].

Table 5. Path-based approaches. The abbreviations are Biased Path Constrained Random Walk (BPCRW), Forward
Selection Algorithm (FSA), Breadth-first search (BFS), not applicable (NA), term frequency—inverse document frequency
(TF-IDF), logistic regression (LR), shortest specific path (SSP), Biased SSP (BSSP), Machine learning method (ML) [61].

Approach Path-type Length  Path generation Path filtering ML
HeteSim[113] pairwise random walk variable manual similarity relevance =~ NA
PRA [44] random walk bound automatic rejection sampling LR
FSPG [85] BPCRW variable semi-automatic FSA (GreedyTree) NA
SFE [43] path sampling bound automatic subgraph-based BFS LR
KL [24] SSP variable automatic specificity NA
KL-REL [114] BSSP variable automatic contextual biases NA
KGMiner [112] discriminative paths bound automatic Jaccard coefficient LR
KS [114] network-flow variable automatic TF-IDF LR
COPAAL [122]  corroborative paths bound automatic D(p) and R(p) NA

Table 6. Path-based approaches. The abbreviations are Forward Stage-wise Path Generation algorithm (FSPG), not
applicable (NA), open source not available (ONA), Path Constrained Random Walk (PCRW), Normalized pointwise mutual
information (NPMI), Neighborhood scoring (NS), Path counting (PC), shortest specific path (SSP), Biased SSP (BSSP),
ontology features (OF), unsupervised (unsup.), supervised (sup.).

Approach Knowledge Graph(s) OF Learning ~ Formulation Veracity calculation implementation ~ Semantics
HeteSim[113] ACM and DBLP NA sup. G-completion pairwise random walk ONA no
PRA [44] PubMed C sup. G-completion Probability based PCRW  JAVA+Scala no
FSPG [85] DBLP, Yago C sup. fact checking NS+PC ONA no
SFE [43] NELL C.D,R sup. G-completion  subgraphs feature set JAVA no
KL [24] DBpedia NA unsup. fact checking SSP ONA no
KL-REL[114]  DBpedia NA unsup. fact checking BSSP Python yes
KGMiner [112] Wikipedia, PubMedDB C sup. fact checking information gain C++ yes
KS [114] DBpedia C unsup. fact checking Network Flow Python yes
COPAAL [122] DBpedia C,D,R unsup. fact checking NPMI [17] JAVA yes

5 DETAILED SYSTEM COMPARISON

Six main families of approaches have been devised to address the problem of fact checking over knowledge graphs. In

this section, we describe in detail these families that are the outcome of our methodology section.
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Table 7. Rule and graph-pattern -mining-based approaches. The abbreviations are indicative logic programming (ILP),
graph fact checking (GFC), open-source not available (ONA), ontology aware approximate pattern matching (OAAPM),
approximate pattern matching (APM), answer set programming (ASP), negative sampling (NS), Pattern or rules generation
(Pattern/rule gen.), DBpedia (DBP), Wikidata (WD), unsupervised (unsup.), supervised (sup.), implementation language
(Imp.), Rule-mining (RM), Web-mining (WM), Pattern-mining (PM).

Approach Formulation Pattern/rule gen. Dataset(s) Learning Distinct feature Key features Imp.
AMIE [41] RM automatic Yago,DBP unsup. Horn rules ILP JAVA
AMIE+ [40] RM automatic Yago,DBP,WD unsup. Horn rules ILP JAVA
GPARSs [36] Association RM  manual DBP sup. Association rules S and C JAVA
GFC [76] Graph PM automatic DBP,Yago,WD,MAG  sup. APM top-f ¢ JAVA
OGFC [77] Graph PM automatic DBP,Yago,WD,MAG sup. OAAPM top-f ¢ JAVA
RuDiK [95] Incremental RM  automatic DBP,Yago,WD unsup. -ve rules NS JAVA
MAP [1] RM, WM automatic DBP sup. hybrid approach ~ ASP Python
ExFaKT [38] RM, WM automatic Yago,DBP,wikipedia  unsup. Explanations Hybrid JAVA
Tracy [39] RM, WM automatic Yago,wikipedia unsup. Explanations Hybrid ONA
AMIE-3.0[66] RM automatic Yago,DBP,WD unsup. Horn rules ILP JAVA
KV-Rule [58] RM automatic DBP unsup. +ve/-ve rules NS JAVA

5.1 Text-based approaches

Text-based approaches encompass solutions that verbalize the input assertion and use textual evidence to find statements
that support or refute the input assertion. There are mainly two types of textual evidence sources that are used-—web text
corpora and local text corpora.

DeFacto [45] is an algorithm that validates statements by finding confirmative sources on the web. These statements can
be in the form of an assertion (such as :A.Einstein _jaward, :NoblelPrize) or a natural language sentence (such
as “Nobel Prize was awarded to Albert Einstein™). In the case of natural language statements, an assertion is extracted.
The assertion is transformed into several search engine queries using the BOA pattern library [46]. These search engine
queries of the assertion are used to search through a web corpus and gather documents containing sentences similar to
the respective queries. The search results are analyzed, and snippets of text are extracted that could be used as evidence.
From each extracted snippet, several features are gathered. These features are used to assign a score to the snippet using a
logistic regression classifier. In the final step, the scores of the pieces of evidence, along with other features, are used as
inputs to a classifier that assigns a veracity score to the input statement. Veracity scores and evidence pieces are included
in the result of DeFacto [35].

DeFacto relies on string matching and string similarities and does not consider the sentence structure into account.
FactCheck [123], an extension of DeFacto, on the other hand, employs sentence coherence features gathered from
trustworthy source documents. It combines deep sentence parsing with topic coherence on a local reference corpus
to determine how likely an assertion is to be true [123]. Additionally, FactCheck calculates the sentence similarity by
constructing a parsing tree and checking whether the subject and the object are connected by a predicate or not. The

architectures of FactCheck and DeFacto are shown in Figure 3.

5.2 Path-based approaches

Path-based approaches use a knowledge graph as background knowledge and use the paths contained therein to evaluate
the likelihood that a given assertion s 2, o is true or false. In this section, we provide a systematic comparison of
these approaches. Out of 9 recent approaches, 4 are unsupervised and 5 are supervised. Tables 5 and 6 depict different
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characteristics of these approaches in detail. Other approaches are left intentionally because they are older than the time
frame of this survey (e.g., path counting-based [120] and path-constrained random walk-based [68] approaches).

As defined in the previous section, the discriminate predicate path mining approach KGMiner, alternatively dubbed
Predpath, is a supervised discriminative path-enumeration-based approach [112]. Given an assertion s 2, o, the first step
to calculate its veracity is to collect all anchored predicate paths (A c(s),c(0))) between all instances of the subject’s

class C (s) and instances of the object’s class C (o). It extracts the discriminative paths (H >) from Gand uses

the discovered model to validate the input assertion. Each subject object pair (s;, 0;), from ilfe(z;;tco(fv silbjects and objects,
represents an alternate anchored predicate path and is explored using depth-first search traversal on the graph up to length
m. In the second step, KGMiner selects the most discriminative paths from the set of anchored predicate paths. The
discriminative paths are selected because some Ak c(s),c(0)) are not discriminative enough to uniquely encapsulate the

. :occupation :occupation . . . .
predicate p. For example, the path : Person :Person is not discriminative enough to

uniquely encapsulate the predicate : spouse. The resulting discriminative paths are the input to a logistic regression
model that computes the veracity of the given assertion.

The disadvantage of the KGMiner approach is that it extracts features, searching exhaustively over G. To reduce the
complexity of this exhaustive search in large-scale knowledge graphs, a method called Path Ranking Algorithm (PR2)
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was introduced [44]. PRA learns to rank paths relative to the given assertion s 2, o. It begins by enumerating a large
set of anchored predicate paths A (i c(s),c(0)) Using random walks starting from an instance of C(s) as s; and ending
at an instance of C(0) as o;, or vice versa. In Figures 4 and 5, U and V represent the set of instances of C(s) and C(o),
respectively. The intermediate nodes (ng ... ny ) are the nodes between U and V. PRA uses Ak c(s),C(0)) €Xxcluding the
endpoint nodes from the path. These A c(s),c(0)) Without the endpoint nodes are referred to as path types for simplicity.
PRA calculates the probability of arriving at the target node given that a random walk begins at the source node and
follows a path type and vice versa. Formally, it is represented as P(o;|s;, w;), where w represents the path types (also
called features), which alternatively define the corresponding node pair (s;, 0;) [44]. As shown in Figure 4a, the PRA
algorithm creates a feature matrix where rows correspond to node pairs and columns correspond to the path types. It
changes the cell values from representing the presence of an edge (same as in KGMiner) to representing the specificity
of the connection that the path type makes between the node pair [44]. Since the feature space considered by PRA is very
large (i.e., the set of all possible edge label sequences), the first step PRA performs is a feature selection, which is done by
finding potential path types between node pairs. The second step of PRA is a feature computation. In this step, each cell in
the feature matrix is computed based on constrained random walk probabilities that are associated with each path type and
node pair [44]. Then, the feature matrix is used with a classifier (trained on positive examples and counterexamples) to
validate the input assertion. The disadvantage of PRA is that it spends significant computational resources on the feature
selection and computation steps. An advantage of PRA is that it offers some interpretability due to the features it learns.

Computing the random walk probabilities in PRA is an expensive operation. The subgraph feature extraction approach
(SFE) [43] proposes an improvement of PRA by utilizing a new way of generating feature matrices over node pairs in a
graph that aims to improve the efficiency and expressiveness of the model [43]. SFE uses features, which are extracted
from subgraphs built from nodes in G, to classify the given input assertion. In Figure 4b, blue rectangles depict the
subgraphs. For each instance of C(s) as s; and C(0) as o;, a subgraph of depth m is generated using k random walks. Each
random walk, that leaves the source node s; or the target node o;, follows some path type ;. After m steps, it ends either
at an intermediate node n; or at the endpoint node o; or s;. SFE keeps all of these (w;, n;) pairs as characterization of
subgraphs around the source and target nodes. These (wj, n;) pairs are used to create 2 types of features: (1) two-sided
random walk and (2) one-sided random walk. Two-sided random walk features are extracted by connecting the source
node with the target node by the intersection of their respective subgraphs at a common node n;. Hence, SFE updates the
(wj, nj) pair. The path type «; now becomes equivalent to PRA’s path type and n; becomes a target o; or source s; node
(i.e., wj starts at s; and ends at o; or vice versa). To this end, these two-sided random walk features are dubbed as PRA-style
features (PSF) [43]. The difference between feature matrices of PRA and SFE is that, instead of containing the associated
probabilities, SFE’s PSF contains only binary values (1 or 0), which denote the existence of a path (or paths) between the
source and the target nodes. The reason behind this behavior is that it generates binary features, unlike the enumeration
of KGMiner and random walk probabilities of PRA. However, because SFE does not have to compute random walk
probabilities associated with each path type in the feature matrix, it can extract much more expressive features, including
features that cannot be represented as paths in the graph (e.g., embedding-based features). In contrast to PRA, SFE does
not limit itself to a single feature type. As shown in Figure 4b, SFE also extracts one-sided random-walk features (OSF)
in the form of (wj, n;) pairs, where n; is not necessarily a target or source node. These one-sided features are intended to
better model which sources and targets are good candidates for participation in a particular predicate. For example, in
spite of the predicate’s domain being all cities, not all cities participate in the predicate : cityCapitalOfCountry.

A city with many government institutions is more likely to be a capital city. It would be easy to capture this kind of
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information using these one-sided features. For obtaining feature matrices over node pairs in a graph, SFE is faster than
PRA since it does not calculate random walk probabilities [43].

There are some other supervised meta-path-based approaches for fact checking over knowledge graphs that include:
HeteSim [113] and forward stagewise path generation FSPG [85]. Both of these approaches require manually created
meta paths, therefore we excluded them from Figure 4 and 5. However, we provide their comparison in Table 6 and 5.
The HeteSim method uses path-constrained measures to analyze the semantic similarity between heterogeneous entities
in G. Path-constrained measures connect two nodes by following a strict sequence of node classes. For example, from
Figure 1, the path :President ichild, :Child _ihasparent, :FirstLady ichild, :Child ihasParent,
:President represents the : spouse relationship between : President and the : FirstLady, because both have
the common relations : child and :hasParent connecting the same node : Child. HeteSim does not directly
perform experiments for fact checking. However, this method can be used for fact-checking applications [56]. FSPG not
only uses manually created meta paths but generates the meta paths under a given regression model as well. These meta
paths are then used for the fact-checking task. In our survey, we have not included earlier approaches requiring manually
annotated meta paths, such as PC [120], PCRW [68], and PathSim [121], since their publication dates do not fall within
our selected time frame.

We also discuss 4 recent unsupervised path-based approaches that are part of this survey. In general, all these approaches
are based on searching and scoring paths between the given subject and object.

Knowledge Linker (KL) [24] uses the shortest specific path to describe the truthfulness of the given claim. The shortest
specific path is one that involves the fewest intermediate nodes with a minimum degree between the source and the target
nodes. The specificity S of a path is defined in Equation 2.17. KL is based on a weighted adjacency matrix, with edge
weights computed as the in-degree of each node in G. These weights are then transformed into similarity scores. This
method computes the veracity of the given claim by computing the proximity between subject and object. For proximity,
KL introduces two distance closure methods: Metric and Ultra metric. Both methods consider the generality of a node,
which is defined as its frequency in G. In the first method, each path between a given subject and an object is mapped
to a score generated based on the generality2* of the intermediate nodes, i.e., a node with a higher degree conveys less
information. In the second method, the score for each potential path is computed using only the node with the highest
generality. The maximum score in both methods is equal to the shortest path between the subject and the object. In
practice, the metric closure method works better as compared to the ultra-metric closure [56]. KL classifies the assertion
in Figure 5a (i.e., B. Obama is related to Is1lam) as a false assertion, because the degrees of intermediate nodes, such as
Canada or Columbia University, are very high. Hence, the path is very general and less informative.

For a given assertion, the Knowledge Stream (KS) [114] approach views knowledge as a certain amount of an abstract
commodity that needs to be moved from s to o in G. It considers that each edge is associated with two quantities: (1) a
capacity of knowledge-flow related to s 2, o across its two endpoints, and (2) a cost of usage. Knowledge is viewed as a
fluid, and G is viewed as a flow network. The width of an edge is roughly proportional to the flow of knowledge through
it [114].2% Let’s assume an edge in a path is labelled with a predicate pr, which may differ from the target predicate p.
Intuitively, the higher p/’s relevance to p is, the greater the edge’s capacity. A data-driven approach is used to define the

similarity between predicates using the structure of G. To this end, the authors use the graph-theoretic concept of a line

24 A node’s generality is measured by its degree.

25There are three motivations for this idea: (1) the semantic context provided by multiple paths may be greater than that provided by a single path; (2) due to
the non-disjoint nature of the paths, the method reuses edges participating in overlapping chains of relationships by sending additional flows; and (3) edges’
limited capacities limit how many paths they can participate in, thus constricting the search path space [114].
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graph [114]. A path’s bottleneck occurs at the edge at which the minimum similarity between p and p is found (i.e., the
least relevant assertion along the path) [2]. The total knowledge that can flow through a set of paths between s and o is
bound by the sum of their bottlenecks. The final veracity score of the input assertion is computed by identifying the set
of paths responsible for the maximum flow of knowledge between s and o at the minimum cost, which is achieved by
multiplying the specificity of paths (from KL approach) and the total knowledge that can flow through it. The KS approach
is better when compared to the KL approach in terms of generating more meaningful explanations of its predictions. It
does so by automatically discovering contextual assertions from the knowledge graph in the form of paths [114]. For
example, Figure 5c depicts that the geography is less relevant than assertions about ancestry or family history to confirm
the assertion : B.Obama ————5 :M.Obama. However, the same authors report that in terms of performance, XS lags
behind KL [114]. This is possibly due to the fact that the extra signal provided by the additional paths found by KS may
not always be beneficial.

Relational knowledge linker (KL-REL) is an extension of KL [24]. The KL approach fails to account for the semantics
of the target predicate p [114]. In the KL-REL approach, the authors use the concept of semantic relevance from the
KS approach. To achieve semantic relevance of the most specific paths, KL-REL adds bias in the search for specific paths
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by favoring those edges semantically related to p. Ergo, KL-REL uses semantic relevance as the third criterion in addition
to path specificity and path length used in the KL approach. The final veracity score is generated by taking the maximum
of all these paths’ specificity.

Using the domain, range, and RDFS class subsumption hierarchy of G, COPAAL [124] filters meta paths . of length
k that verify the predicate p and validate the given assertion s 2, o. To this end, COPAAL excludes paths starting with
a subject s outside the domain of the predicate p or ending with an object o outside the range of the predicate p (see
Figure 5b). The resultant paths are dubbed as corroborative paths Qk (p) (see Definition 2.21). The corroborative paths
ok (p) and the given assertion’s predicate p are then used to calculate the final veracity of the given assertion using the
normalized pointwise mutual information (NPMI) [124]. In Figure 5b, Us € D(p) represents the set of subjects in the
domain of the predicate p and V7 € R(p) represents the set of objects in the range of the predicate p. COPAAL is the
only path-based approach that make use of the combination of domain, range and subsumption hierarchy information
expressed in the schema of most knowledge graphs. On the contrary, when this information is missing in the G, then
COPAAL fails to produce results [105].

5.3 Rule-mining-based approaches

The identification and exploitation of constraints on databases have been widely discussed in the literature [47, 91, 106].
ILP-based systems (aka first generation rule mining systems), such as WARMeR [47] and Sherlock [106], are designed
to work under CWA and require the definition of positive and negative error-free examples. It is difficult to apply these
approaches directly to knowledge graphs because of their schema-less nature and OWA. Therefore, in order to mine
rules from large knowledge graphs, several rule-mining-based approaches have been proposed. In order to perform
the fact-checking or fact-prediction task, rule-mining-based approaches extract association rules from the knowledge
graph [40, 41, 66]. In our survey, we compare the six most recent rule-mining-based approaches for knowledge graphs
(see Table 7).

AMIE [41] is the first rule-mining-based approach explicitly designed for large-scale knowledge graphs. AMIE mines
horn rules described in Definition 2.23 of the form By A ... A B, — H , on large knowledge graphs. H is the head atom
and B; A ... A By, are the body atoms. In contrast to the previous ILP-based methods, AMIE mines these rules from the
knowledge graph without using explicit counterexamples. For implicit counterexample generation, AMIE uses PCWA(see
Definition 2.14). The rule is instantiated by substituting constants for all its body atoms. Following the substitution of
constants for variables in the body atoms, the head atom is predicted (see Definition 2.24). AMIE requires a knowledge
graph G, a threshold [ for the maximal number of atoms per rule, minHC for the minimum head coverage (number of
correct predictions), and minC for the minimum PCWA confidence as input [66]. AMIE uses breadth-first search. To this
end, it initializes a queue with all possible rules of size 1, i.e., rules with an empty body [66]. The search strategy then
dequeues a rule R at a time and adds it to the output list if certain conditions are met, specifically, (1) the rule is closed29,
(2) its PCWA confidence Cpcwa (R) is higher than minC, and (3) its PCWA confidence is greater than the confidence of all
previously mined rules with the same head atom as R and a subset of its body atoms. AMIE refines R if it has fewer than /
atoms and its confidence can still be enhanced. The refinement operator generates new rules from R by considering all
possible atoms that can be added to the rule body. It constructs one new rule for each of them. AMIE iterates over all the
non-duplicate refinements of rule R and adds those that have sufficient head coverage. When the rules queue is depleted,

the routine ends [66]. One problem with AMIE is that the search space is exhaustive, i.e., every relation can potentially be

26 A variable in a rule is closed if it appears at least twice in the rule. A rule is closed if all its variables are closed [41].
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Fig. 5. Unsupervised path-based approaches for fact checking

combined with every other relation in a rule. Various optimization strategies have been proposed in the literature to deal
with this drawback, such as approximate confidence calculation or sampling. The fewer samples the approach collects,
the faster it becomes.

A similar optimization strategy is used by AMIE+ [40]—an extension of the AMIE project. AMIE+ provides pruning
and approximation strategies to speed up the search by focusing on valid rules. Invalid rules are pruned beforehand. An
example of an invalid rule is as follows:

:livesIn :birthPlace
PN PR P N (10)
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. :livesIn L.
As assertion ?x ——— 2z indicates that ?x should represent a person and ?z should represent a place. The

right-hand side of the rule, i.e., 2z _ibirthPlace, ?y, conflicts with the left-hand side, as 2z should represent a person
according to this side of the rule. AMIE+ algorithm approximates confidence scores of such rules quickly. This is because
it has pre-computed and stored the functionality score { of each relation and the overlaps between each relation pair’s
domains and ranges when G is loaded into the in-memory database. Consequently, the low-confidence rules are pruned
at the beginning. AMIE+ provides further improvement by iteratively extending rules using a set of mining operators
(e.g., the refinement operator of AMIE). However, this can only be done if the rules can be closed before the length
constraint is exceeded. In addition, AMIE+ tunes the following parameters to reduce the runtime: rule length, minimum
rule confidence, and head coverage. However, this parameter tuning comes with a trade-off between the number of rules
discovered and the runtime. For example, if we reduce the rule length, the number of rules discovered will be reduce
as well while the algorithm will terminate faster. If the rule length is increased, more rules can be discovered but the
algorithm will be slower. However, since most users are typically interested in many rules with low scores, rules with low
head coverage, low confidence, and lengths greater than 3 are discarded by AMIE+ by default.

AMIE-3.0 [66] is the successor to AMIE+. Approximation and sampling make rule-mining faster but less accurate.
On the contrary, AMIE-3. 0 focuses on accuracy and completeness and employs further pruning strategies, parallelization,
and lazy confidence scores computation to speed up the rule-mining process. It does not calculate the support and confi-
dence of “bad” rules, because those rules are pruned anyway. Its optimization is based on the principle, “"1f you
know something is bad, don’t spend time figuring out how bad it is” [66]. AMIE-3.0
also uses in-memory databases to store the entire compressed knowledge graph in-memory for faster computations. All
strings are compressed into byteStrings where each character is only 8 bits. Equivalent byteStrings point to the same
physical object (i.e., each string exists only once), which saves a considerable amount of memory in large knowledge
graphs.

Ontological Path-finding (OP) [22, 23] is a rule-mining-based approach that focuses on large-scale knowledge graphs
and provides parallelization-based optimizations. The algorithm applies inference rules in batches, parallelizing the join
queries in the rule-mining process, partitioning the rule-mining process into sub-tasks, and pruning the invalid rules
before applying them. Like AMIE-3. O they also use in-memory joins and execute them in parallel by dividing the large
knowledge graphs into smaller groups in order to perform rule-mining. To maximize resource utilization, they formalize
the rule-mining algorithm using a state-of-the-art cluster computing framework, such as SPARK.

The aforementioned rule-based discover only positive rules. However, positive rules alone may not be able to eliminate
all inconsistencies [95]. Positive rules identify relationships between entities, e.g., “if two persons have the same parent,
they are siblings”; negative rules identify data contradictions, e.g., “if two persons are married, one cannot be the child of
the other”. In the following, we will describe approaches that employ both positive and negative rules.

RuD1iK [95] discovers positive and negative rules mined from noisy and incomplete large-scale knowledge graphs.
In this approach, both positive and negative examples for all the predicates are provided as input to their rule-discovery
module.?”. To obtain all rules for a G, RuDiK computes rules for every predicate in it. It starts with a small set of
approximate horn rules, i.e., rules that at least cover one positive example pair. In order to solve the mining problem
exactly, all pairs in the positive example set must be covered and none in the negative example set. RuD 1K minimizes the

number of rules in the output to avoid overfitting rules covering only one pair, as such rules have no impact when applied

2T These examples can be hand-crafted by domain experts or automatically generated by their proposed negative sampling method called extended partial
closed world assumption (E-PCWA). E-PCWA is described in detail in Section6.3
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to the G. As aresult, only promising rules?8 are generated. The negative rules are generated by the same method as the
positive rules. The only difference is that it replaces the positive examples with the negative ones. The RuDiX algorithm
assigns weights to both negative and positive rules. They use positive rules to predict new assertions and negative rules
to check for inconsistencies in the knowledge graph. For example, a positive rule could state that if a person X lives
in Y and Z also lives in Y, they are a couple (i.e., : spouse). By stating that the children live with their parents in the
same house, the negative rule contradicts the positive rule. Using disk-based algorithms, RuDiK increases its search
space and discovers rules with richer language and greater expressive power compared to the aforementioned in-memory
database-based algorithms. Furthermore, it does not load the entire graph into memory like AMIE-3. 0 does, which
makes it a scalable approach. On the contrary, disk-based algorithms make RuDiK slower in terms of speed compared to
in-memory database-based algorithms.

KV-Rule [58] is a rule-mining-based approach that mines positive and negative rules in G for a given assertion.
The KV-Rule workflow consists of 3 steps. It (1) generates positive and negative examples, (2) generates positive and
negative rules and weights them according to their logical validity, and (3) scores the given assertion by an ensemble of
the most valid positive and negative rules that cover the given assertion. In the first step, positive examples are sampled
from the G itself. For the generation of negative examples, KV-Rule’s authors propose a distant partial closed world
assumption (D—PCWA). The D-PCWA approach does not replace the entities (s or o) with neighboring entities in G, but
rather with distant entities.2% In the second step, positive and negative rules are generated and weighed using the generated
examples. KV-Rule generates positive rules using positive assertions. In contrast, negative rules are generated using
negative assertions. In order to weight a positive rule according to its logical validity, positive assertions are used as
correct examples and negative assertions as counterexamples. In contrast, to weight a negative rule according to its logical
validity, negative assertions are used as correct examples, and positive assertions are used as counterexamples. In the last
step, for calculating a truth score for a given assertion, KV-Rule finds the most valid positive and negative rules that

cover the given assertion and calculates a final truth score [58].

5.4 Graph pattern-mining-based approaches

Graph pattern-mining-based approaches rely on an approximate pattern-matching-based approach (see Definition 2.30)
instead of subgraph isomorphism. These approaches are different from rule-mining-based and path-based approaches,
because rule-mining-based approaches usually cover only a subset of useful patterns and are easy to interpret, and path-
based approaches provide explainable models but lack the expressiveness to explicitly describe subgraphs as discriminant
features [76]. The focus of these approaches is on identifying “soft rules” to infer new facts for the knowledge graph
completion task, instead of detecting errors using hard constraints. GFC-based approaches overcome these limitations.
There are two GFC-based approaches proposed in the literature: GE'C [76] and OGF'C [77].

The GF'C approach [76] is an approximate pattern mining-based approach. It adopts approximate pattern mining instead
of subgraph isomorphism. It discovers a set of top-f GFCs that distinguish true and false assertions best using quality
measures, which are used for characterization. These patterns are then used to construct classifiers based on either rules or
latent features. To this end, they propose two methods: GFactg and GFact. GFactg is a rule-mining-based model, which
uses the top-f GFCs as fact-checking rules. It follows the “hit-and-miss” convention and checks whether there exists a
GFC ¢ within the top-f GFCs that covers the given assertion ¢. If so, it accepts the given assertion, otherwise, it rejects it.
On the other hand, GFact extracts instance-level features from GFC patterns to train the classifier. It constructs a feature

28Rules which cover maximum positive example pairs.
2A comprehensive comparison of PCWA, E-PCWA, and D-PCWA is provided in Section 6.3.
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vector of size k, where each entry encodes the presence of an i-th GFC; in the set of top-f GFCs. The class label is true
(resp. false) if the assertion belongs to a positive (resp. negative) example assertion set. In the training data, the positive
example assertion set is sampled from the G, while the negative assertion set is generated using WP CA (see Definition 2.31).
GFact adopts logistic regression, and it achieves better performance than GFactg over real-world knowledge graphs [76].
For example, from our excerpt of the knowledge graph in Figure 1, it can be observed that a pattern between : B . Obama
and his wife :M.Obama exists. Both have common children and both are related to the : USA as :president and
: firstLady relationship. So a graph pattern could be: : President associated with the : Child using :child
relationship. : FirstLady associated with the same : Child with : child relationship. Both are associated with the
:Country entity with :president and : firstLady relationship. Ergo, we could assume that this is one of the
possible top- f graph-patterns which corroborates the veracity of the given assertion : B.Obama ZEPOTRe, .M. Obama.
OGFC [78] uses ontological features to aid pattern-mining in the GFC approach. It extracts more expressive features
from knowledge graphs due to the usage of ontological information. To this end, OGFC replaces the semantic similarity
defined in Definition 2.29 with the ontological closeness of concept nodes. The ontological closeness uses three features of
the ontology for the given description of an edge (vx,vy) as (L(vx), L(vy)) (from Definition 2.27). These three features are:
(1) equivalence states that L(vx) and L(v,) are semantically equivalent, thereby representing “refersTo” or “knownAs”;
(2) hyponymy states that L(vy) is a kind of L(vy), such as “isA” or ““subclassOf” that enforces a preorder over all ontology
concepts; and (3) descriptiveness states that L(vy) is described by another L(vy) in terms of, for example, “association”,
“partOf” or “similarTo” [77]. These features help in finding more expressive graph patterns ¢. This approach discovers
discriminant top-f graph patterns using ontologies that best distinguish between true and false assertions in knowledge
graphs. In the OGF'C approach, semantically related nodes having ontologically similar descriptions are considered the
same objects. For example, a “president” and a “head of the state” could be different nodes in G but are considered the
same when discovering a graph pattern ¢, due to their ontological closeness. For the fact-checking task, the rest of the
approach is similar to the GFC approach, except they use the names OFactg and OFact for the two different methods

instead of GFactg and GFact as in the GFC approach.

5.5 Embedding-based approaches

Existing methods for reasoning over knowledge graphs are neither tractable nor practical when dealing with long-range
reasoning over large-scale knowledge graphs [137]. Generally, a knowledge graph embedding model represents an entity
as a k-dimensional vector (s or o). 30 In addition, an embedding model has a scoring function f(s,0) that calculates
the validity of an assertion s 2, o in the model’s embedding space. For example, in TRANSE the scoring function
fp(s,0) = |ls+p—ollg 1, implies a transformation vector p on the subject entity (i.e., s). This implies that o is the close
neighbor of s + p (see Figure 6a). Hence, if the assertion is true, the scoring function produces a low value. Otherwise
the value should be high. Different methods, such as TRansE [16], TRansH [137], and TRAaNSR [79], propose different
scoring functions. All these methods are supervised as they need training data to create the embedding vectors. It is
important to note that most of these methods aim to achieve a different but related goal, i.e., link prediction. However, the
authors of TRANSH and TRANSR also performed experiments for fact checking over knowledge graphs. Therefore, we
include them in our survey.

As discussed earlier, TRANSE is the embedding-based method proposed in the literature, which is efficient while

achieving state-of-the-art predictive performance [137]. However, it lacks some important properties ,such as reflexive,

30bold face characters represent the embedding vector representations of entities and relations
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Fig. 6. Embedding-based approaches for fact checking

one-to-many, many-to-one, and many-to-many. TrRansH fills this gap by modeling a relation as a hyperplane (w), as
a norm vector) together with the translation operation (dp) on it. TRANSE claim that by using this method they have
preserved the above mapping properties without increasing complexity. In TRANSH, each relation is characterized by two
vectors, the norm vector (wp) of the hyperplane, and the translation vector (dp) on the hyperplane. In order for a given
assertion s LR o to be correct , the projections of s and o on the hyperplane (s and o, ) are expected to be connected by the
translation vector dj, with low error (as shown in Figure 6b). The scoring function is defined as f,(s,0) = [[sL +p — oL |I§.
This method overcomes TRANSE’s bottleneck in dealing with reflexive, one-to-many, many-to-one, and many-to-many
relations while keeping the model complexity almost the same [137].

TRANSR, on the other hand, deals with this problem by modeling entities and relations in different semantic (vector)
space bridged by relation-specific matrices [79]. The reason for this behavior is that entities can have different aspects, and
different relations may focus on different aspects of entities. Afterward, the algorithm learns the embeddings by projecting
entities from the entity space to the relation space and then building translations between projected entities. In TRANSR,
for each assertion s 2, o, entity embeddings are set as s,0 € R and relation embedding is set as p € R?. The number of
dimensions of entity embeddings k and relation embeddings d are not necessarily the same. For each relation p, TRANSR
sets a projection matrix M, € Rk*d which may project entities from the entity space to the relation space [79] (as shown
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in Figure 6¢). With the mapping matrix, TRaNsR defines the projected vectors of entities as s, = sMy and 0, = oM,.
The scoring function is the same as TRaNSE, but the entities are s, and op.

In contrast to existing meta-path-based approaches, which use discrete representations of G, ESTHER employs
compositional embedding spaces of the input knowledge graph for the meta-path search [27]. The idea behind exploiting
a compositional embedding space is to minimize the loss function between continuous representations of the given
predicate embedding p and the embedding of the corroborative path Qk (p). Corroborative path embeddings are computed
by concatenating the embeddings of all predicates along the path. ESTHER improves the exploration of longer meta paths,

which helps in detecting supplementary evidence for validating the given assertion.

5.6 Hybrid fact-checking approaches

Each category of approaches described above comes with certain limitations. For example, a knowledge graph may contain
conflicting rules or paths that support and negate the given assertion. In addition, it can also lack evidence supporting
the given assertion. Moreover, text-based approaches cannot provide semantic explanations of answers. There are also
some cases when individual categories of fact-checking approaches can’t even obtain an answer [1, 105]. Consequently,
hybrid fact-checking approaches, such as FACTY [71], MAP [1], ExFaKT [38], Tracy [39], and HybridFC [105], that
exploits the diversity of existing categories of fact-checking approaches to find the veracity of a given assertion, have
been proposed.

FACTY [71] is an approach that deals with only tail verticals, such as less popular domains, in a knowledge graph. A
vertical is a tail vertical if its subject entities are not globally popular, i.e., in terms of search query volume. The number of
assertions in a tail vertical is usually below a million in a large G. Examples of tail verticals are pizza varieties, yoga poses,
and car models. Knowledge about tail verticals is not widely known on the web, and search results can be very noisy.
Hence, it is difficult to find evidence on the web or from knowledge graphs for tail verticals. According to the survey
stated in the FACTY paper, only 19% of tail verticals could be verified with 22% accuracy on the web [71]. The FACTY
algorithm not only leverages textual reference knowledge for evidence gathering but structural reference knowledge, such
as a knowledge graph, as well. As a first step in finding evidence, FACTY uses structured reference knowledge because it
is a reliable source of information. However, its coverage is limited. FACTY does so by searching for the subject s and
object o of the given assertion in the knowledge graph. Evidence containing a particular predicate p is ignored because it
leads to low recall. In the second step, it searches for evidence on the web, which provides wider coverage. However, the
web is noisy. The web contains rich information in various structured and unstructured formats, such as web tables, DOM
trees, and text. FACTY’s authors apply various techniques to extract evidence from the web, ranging from co-occurrences
of entity names to sophisticated supervised learning like in [45]. Finally, FACTY also enriches the evidence by analyzing
search query logs that reflect users’ intent. Afterward, it calculates a final veracity score for the given assertion based on
collected evidence.

MAP [1] is an approach that uses both rule-mining-based and text-based methods to find evidence and validate the
given assertion. Discovering rules and mining assertions from the web enable a fully automated system that covers single
approaches’ limitations. These approaches, however, present a substantial challenge, since rules from the knowledge
graph and assertions from the web are uncertain and not infallible. To address this challenge, MAP uses probabilistic
answer set programming [90]. MAP’s algorithm contains a reasoner that combines all evidence from both approaches and
makes a fact-checking decision with explanations. The rules from the rule-mining approach and evidence from text-based
approaches are fed to the reasoner module, where different modes of computation are used to infer positive or negative

evidence from the stable model (aka. answer set). The reasoner output includes a human-interpretable explanation for the
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decision. For example, consider the following positive rule from our example in Figure 1:

:spouse :child :parent

X ———— ?z & ?X ?y ?z. a1
The claim that we want to check is: : B .Obama —2-"""s .M. Obama. G contains the assertion :B.Obama ichild
:M.A.Obama. Considering the assertion :M.A.Obama iparent :M. Obama missing from G, MAP will get evidence
for the first assertion :B.Obama child, :M.A.Obama from G, and then it will query the web module with the
:parent

second assertion :M.A.Obama —— :M. Obama to obtain evidence. Finally, these pieces of evidence are fed to
the reasoner module to compute the final output.

ExFaKT is a framework for computing pieces of evidence for the given assertion in G and the web [38]. ExFaKT
utilizes horn rules to formulate sub-queries and explanations. In addition to automatic rules generated from existing
approaches, such as AMIE [40], the system also uses a hand-annotated rule-set to improve sub-queries. Rules from the
rule-set with the same head predicate as the input query are considered first. The next step is to discover the body atoms
of those rules and write the sub-queries iteratively. Recursively, these sub-queries might also trigger new rules (whose
head matches the body atom). These sub-queries first try to get the answer from G. If Gdoes not return an answer, it
searches for evidence on the web using the fact-spotting F'S module. The process continues recursively until all rule
atoms (sub-queries) are triggered and explanations are generated. For example, a user searches for the following query on

ExFaKT: “Barack Obama is a citizen of USA”. The rule-mining approach may generate the following rule against this

query:
:citizenOf :birthPlace rcountry
P —————— 2z & ?X ?y ?z. (12)
. . :birthPlace L. . .
ExFaKT first tries to find the assertion : B.Obama ————  :Hawaii in G. Suppose the assertion : Hawaii
ccountry

: USA is missing from G. Then the FS module will be triggered. In F'S, the algorithm searches for evidence
of this assertion on the web. At the end of the process, all explanations in the form of evidence will be presented to the
user along with confidence scores. The purpose of ExFaKT is not to calculate the overall veracity score of an assertion,
but rather to provide users with better explanations. Nevertheless, the confidence scores generated for every explanation
against the given assertion are used to calculate the final veracity score. Tracing Facts over Knowledge Graphs and Text
(Tracy), which is the demo extension of ExFaKT works similarly with some minor optimizations in the F Smodule [39].

In an ensemble learning setting, HybridFC [105] combines three categories of approaches, namely text-based,
embedding-based, and path-based. The input to HybridFC is an assertion, which is then forwarded to individual
categories of approaches. It utilizes the existing categories of approaches that generate the following outputs: text snippets,
i.e., the output of evidence search on the web, pre-trained knowledge graph embeddings, and the veracity score output of
the path-based approach, i.e., COPAAL. All these outputs are encoded into vector representations and fed as input to the
multi-layer perceptron, which produces the final veracity score [105]. To improve prediction performance, we conclude

that HybridFC utilizes a variety of existing methods within an ensemble learning framework.

6 BENCHMARK DATASETS

Fact checking approaches like the ones presented in the previous section are typically evaluated and compared based on
benchmark datasets. Hence, we include a comparison of these datasets in our survey. In this section, we first describe the
requirements of an ideal fact-checking dataset. Afterward, we list existing fact-checking benchmark datasets before we

present strategies to generate fact-checking datasets—training examples in particular—from knowledge graphs.
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6.1 Fact-checking dataset requirements

According to our analysis, a good fact checking benchmark dataset should fulfill the following requirements [4, 45, 123,
129]: it should comprise (1) assertions that should be validated by the fact checking approach, (2) the ground truth for the
aforementioned assertions, (3) with an established labeling scheme, (4) with a clear definition of labels (e.g. True and
False), (5) an equal number of assertions per label, and (6) enough assertions to train complex models. However, a
dataset may have additional features, e.g., a temporal aspect for those assertions that are dependent on time (e.g., players
often change their teams) or provenance for the ground truth.

6.2 Existing fact-checking datasets

In Table 8, we provide a comparison of different datasets proposed in the literature. There are two classes of datasets:
textual datasets are those datasets that are manually or automatically created from textual sources in the form of textual
claims, and knowledge graph-based datasets are those datasets that are created from large knowledge graphs or textual
sources in the form of assertions. These datasets are created for evaluation purposes, specifically for the fact-checking
task.

A small corpus of 106 claims from Politifact and Channel4 is one of the first fact-checking datasets [131]. A further
dataset (dubbed EMERGENT) has 300 claims obtained from Twitter and Snopes [37]. These preliminary fact-checking
corpora offer indicative positive progress toward a rigorous formulation of the fact-checking problem. However, a major
bottleneck associated with automated fact checking is the shortage of available training data. Consequently, due to their
small size, it becomes difficult to train machine learning models. The volume of data available has recently increased due
to fact-checking websites, generative language models, and corpus annotation platforms [55, 64]. Since then, numerous
corpora have been constructed with a number of claims that are orders of magnitude larger, e.g., in thousands or tens
of thousands. LIAR consists of 12.8K claims retrieved via the Politifact API [63]. It also contains metadata for these
claims, i.e., the speaker of the claim, political affiliations of the speaker, and the medium through which the claim was
first published (e.g., tweet, speech, op-ed piece). Due to its large size, the dataset is better for evaluating machine learning
models in fact-checking systems. However, the evidence used by fact-checkers to verify the claims is still missing from
the dataset [64]. Since the publication of the LIAR dataset, many other substantially larger datasets have emerged. These
datasets also include evidence and metadata to contextualize the claim. For example, the FEVER dataset consists of 185k
claims from Wikipedia [129]. FEVEROUS [4] on the other hand contains 87k claims, but the average length of the claims
has increased significantly. To the best of our knowledge, NELA-GT-2020 [48] and CREDBANK [88] are the largest
known textual sources-based fact-checking datasets containing 17 Million and 60 Million claims, respectively.

Various labeling schemes are adopted for the construction of different datasets, e.g., binary labels [102] and graded
classification [63, 131] inform the definition of veracity. These veracity labels vary considerably across datasets (see
Table 9). For example, KL-dataset [24], FactBench [45], KGMiner-dataset [112], KS-dataset [114], BPDP [123], and
KV-eval [58] use binary labels. FEVER [129] uses three-way classification, with the label NOT-ENOUGH—-INFO to
account for claims for which there is insufficient data to classify them as true or false. On the contrary, LIAR uses a six-
point veracity system (pants-fire, false,barely-true, half-true, mostly-true, true) borrowed from
Politifact [63]. Some fact checkers published the dataset with news articles labeled as hoax, satire, propaganda,

and trusted news [64, 107]. They identify the veracity of an article by investigating its sources and checking whether
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Table 8. Statistics of fact-checking datasets. Datasets are separated based on the property of using knowledge graphs or
textual sources. “GREC” denotes Google Relation Extraction Corpora, and “WSDM” means the WSDM Cup 2017 Triple
Scoring challenge. “Wiki” denotes Wikipedia info boxes. “NAET” denotes News Articles with Embedded Tweets. “en” denotes
English, “de” denotes German, and “ml” denotes multilingual. IFCN denotes International Fact-Checking Network. C. denotes
Celebrity. DA denotes Data Availability, C/A denotes Claims/Assertions, # C/L denotes # Classes/Labels, Ev. denotes
Evidence, Ex. denotes Explanation, TA denotes Temporal aspects, and Lang. denotes Language.

Dataset Year DA C/A Sources #C/L Ev. Ex. TA Lang.
Politifact [131] 2014 X 106 Fact-checking websites 5 v X X en
EMERGENT [37] 2016 v 300 Twitter, Snopes 3 v X X en
Some Like it Hoax [126] 2017 v 15,500 Facebook 2 X X X en
Snopes [103] 2017 v 4,956 Snopes3! 3 XX en
LIAR [63] 2017 v 12,836 PolitiFact 6 X X X en
FakeNewsAMT& C. [102] 2018 v 980 News, GossipCop 2 X X X en
FakeNewsNet [115] 2018 v 23,921 PolitiFact, GossipCop 2 v X X en
LIAR-PLUS [3] 2018 v 12,836 PolitiFact 6 v X X en
FEVER [129] 2018 v 185,445 Wiki 3 v X X en
BuzzFace [109] 2018 v 2,263 FB comments and reactions 4 X X X en
"§ PERSPECTRUM [21] 2019 v 907 debating websites 5 v X X en
S PTC[26] 2019 v 451 News articles 18 v X X en
g UKP Snopes [51] 2019 V6422 Snopes32 3 Vv X X en
32 MultlFC [9] 2019 v 36,534 Fact checking websites 240 v X X en
—  GermanFakeNC [132] 2019 v/ 490 News articles 2 /X X de
§ NELA-GT-2020 [48] 2020 v 1,779,127 NAET 3 v v X en
2 WikiFactCheck [110] 2020 v 124,821 Wiki 2 v X X en
PolitiHop [96] 2020 v 500 Politifact 3 v /X en
Climate-FEVER [31] 2020 v 1,535 Climate-change Wiki 4 v X X en
PUBHEALTH [65] 2020 v 11,832 Various 4 v v/ X en
SCI-FACT [133] 2020 v 1,409 S20RC33 3 v V X en
FEVEROUS [4] 2021 v 87,026 Wiki 3 v v X en
COVID-Fact [108] 2021 v 4,086 Forum 2 v /X en
X-Fact [50] 2021 v 31,189 IFCN 7 v /X ml
CREDBANK [108] 2021 v 60 Million  Twitter 5 v X X en
Vitamin-C [111] 2021 v/ 488,904 Wiki 3 v X X en
MuMiN [94] 2022 v 12914 Twitter 3 v X X ml
KL-dataset [24] 2015 X 11,639 GREC/Wiki 2 v X X en
FactBench [45] 2015 v 10,500 DBpedia and Freebase 2 X X v ml
< KGMiner-dataset [112] 2016 v 27,313,477 DBpedia/SemMedDB 2 X X X en
z KS-dataset [114] 2017 v 18,431 GREC/Wiki/WSDM 2 v /X en
< BPDP [123] 2018 v 1,596 DBpedia 2 X X v ml
© ClaimKG 2019 [127] 2019 v 33,261 Fact-checking websites 4 v v X en
KV-eval [58] 2020 v 1,759 Wiki 2 v v X ml
ClaimKG 2022 [42] 2022 v 59,580 Fact-checking websites 4 v /v X en

their websites are deemed to be “fake news” or not3’ [107]. In addition, some fact checkers provide explanations that
justify the labels assigned to the single claims.

Datasets like MultiFC [9], FakeNewsNet [115], and UKP Snopes [51] contain real-world claims from multiple domains.
The US presidential election of 2016 has spurred the development of a growing number of datasets in the political domain
(e.g., Snopes, FakeNewsAMT & Celebrity, and FakeNewsNet). However, more datasets outside the political domain, i.e.,

37 According to a US News and world report https://www.usnews.com/.
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Table 9. Statistics of fact-checking datasets. Datasets are separated based on the property of using knowledge graphs or
textual sources. * indicates “all labels except pants-fire, ** indicates only the test split, not the training one, *** indicates slight

imbalanced data. C. denotes Celebrity.

Dataset Balanced Classes/Labels Link to data

Politifact [131] True, MostlyTrue, HalfTrue, MostlyFalse, False -

EMERGENT [37] no For, Against, Observing https://github.com/willferreira/mscproject

Some Like it Hoax [126] no hoax, non-hoax https://github.com/gabll/some-like-it-hoax

Snopes [103] no true, false link3*

LIAR [63] yes* pants-fire, false, half-true, barely true, mostly-true, true https://www.cs.ucsb.edu/~william/data/liar_dataset.zip
FakeNewsAMT& C. [102] yes legitimate, fake https://lit.eecs.umich.edu/downloads.html#Fake%20News
FakeNewsNet [115] - fake, real https://github.com/KaiDMML/FakeNewsNet
LIAR-PLUS [3] yes pants-fire, false, half-true, barely true, mostly-true, true https://github.com/Tariqg60/LIAR-PLUS

FEVER [129] yes** SUPPORTED, REFUTED, NOTENOUGHINFO https://fever.ai/

BuzzFace [109]

mostly true, mixture of true and false, mostly false, no factual content

https://github.com/gsantia/BuzzFace

S PERSPECTRUM [21] - support, oppose, mildly-support, mildly-oppose, valid https://github.com/CogComp/perspectrum
§ PTC [26] no 18 labels?® https://propaganda.qcri.org/
é UKP Snopes [51] no agree, refute, no stance https://tudatalib.ulb.tu-darmstadt.de/handle/tudatalib/2081
§ MultIFC [9] - 40 labels http://www.copenlu.com/publication/2019_emnlp_augenstein/
; GermanFackeNC [132] no disinformation in text: range [0.1:1.0] https://zenodo.org/record/3375714#.YWZEnXZBxmM
£ NELA-GT-2020 [48] yes reliable, unreliable, mixed doi:10.7910/DVN/CHMUYZ
& WikiFactCheck [110] no supports, refutes http://github.com/WikiFactCheck-English
PolitiHop [96] yesHHF True, HalfTrue, False https://github.com/copenlu/politihop
Climate-FEVER [31] yes SUPPORTS, REFUTES, DISPUTED, NOTENOUGHINFO http://climatefever.ai/
PUBHEALTH [65] no true, false, mixture, unproven https://github.com/neemakot/Health-Fact-Checking
SCI-FACT [133] yes*HE supports, refutes, noinfo https://github.com/allenai/scifact
FEVEROUS [4] no SUPPORTED, REFUTED, NOTENOUGHINFO https://fever.ai/dataset/feverous.html
COVID-Fact [108] no supported, refuted https://github.com/asaakyan/covidfact
X-Fact [50] yes 7 labels3® https://github.com/utahnlp/x-fact
CREDBANK [108] no 5-point Likert scale ranging from [-2 to +2] https://compsocial.github.io/CREDBANK-data/
Vitamin-C [111] yesHHE SUPPORTED, REFUTED, NOTENOUGHINFO https://github.com/TalSchuster/VitaminC
MuMiN [94] no misinformation, factual and other https://github.com/MuMIiN-dataset/mumin-build
KL-dataset [24] yes true, false https://github.com/shiralkarprashant/knowledgestream/
FactBench [45] yes true, false https://github.com/DeFacto/FactBench
~ KGMiner-dataset [112] yes true, false https://github.com/nddsg/KGMiner/
z KS-dataset [114] yes true, false https://github.com/shiralkarprashant/knowledgestream
< BPDP[123] yes true, false -
© ClaimKG 2019 [127] no FALSE, TRUE, MIXED, OTHER https://data.gesis.org/claimskg/
KV-eval [58] no true, false https://github.com/machinereading/K V-eval-dataset

ClaimKG 2022 [42]

FALSE, TRUE, MIXED, OTHER

https://doi.org/10.7802/2469

in the scientific [133] and forensic [65] domains, have emerged, recently. These datasets also include natural language
explanation of the labels (e.g., a paragraph from a news article explaining the assigned label).

In addition to the above datasets, there are a few knowledge-graph-based datasets proposed in the literature. For
example, FactBench, BPDP, and KV-evalare multilingual benchmark datasets for the evaluation of fact validation
algorithms. FactBench is based on the DBpedia and Freebase knowledge graphs [45]. It is divided into train and test sets,
both containing true and false assertions. The true assertions were generated by issuing SPARQL and MQL queries and
selecting the top 1,500 results for each relation. The false assertions were derived by modifying the true assertions, and
they comprises 6 categories (i.e., domain, domain-range, range, date, property, and mix). For each of the six categories of
false assertions, FactBench contains 1,500 assertions that were also separated into two halves for training and testing.
Furthermore, the Birth Place/Death Place (BPDP) dataset [123], was created based on the observation that some fact-
checking approaches only check if the subject and object have a relation to each other. However, the type of the relation,
i.e., if it matches the property of the given assertion, is not always taken into account [105]. Later, ClaimKG [127],
KGMiner-dataset [112], KS-dataset [114], and KL-dataset [24] were also published to evaluate the fact-checking task

over knowledge graphs.
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6.3 Training examples generation

There are three methods described in the literature for producing training data [101]: (1) partial gold standard, (2) knowl-
edge graph as a silver standard, and (3) retrospective evaluation. In the partial gold standard method, manually annotated
assertions of high quality are created. In the knowledge graph as a silver standard method, true and false assertions are
generated from the knowledge graph by considering OWA and other techniques, which we will discuss in the following
paragraphs. In the retrospective evaluation method, assertions are generated using any automatic approach and then
handed to experts, so they can annotate them. Due to manual annotation schemes in the first and third categories, most of
the approaches discussed in this survey generate training data using the second category (i.e., silver standard).
Fact-checking approaches need true (I'") and false (™) assertions for evaluation and training. Claims in T~ are also
dubbed counterexamples. I'" are sampled from the knowledge graph itself. However, the generation of T'~ is a challenging
task because of the OWA (as described in Section 2). Furthermore, with respect to the generation of I'", there are two
types of properties: (1) functional and (2) non-functional (see Section 2). I'” generation is complex for non-functional
properties and relatively simple for functional properties. Table 8 gives an overview of how the different approaches used
in this survey generate I'". Following are the methods used in the literature for I'" generation of both functional and

non-functional properties (also See Table 10).

6.3.1 Random generation. A strategy to create I'” is to generate random assertions. In random generation, some
approaches also check whether the resulting assertions are part of the knowledge graph or not. Such random assertions
are unlikely to be true, and can thus serve as I'" [118]. Consider a scenario from our G excerpt, where we have two
. . . . . :president :president
assertions involving US presidents (i.e., : B.Obama ———  :USAand : G.W.Bush ————— :USA), as true
assertions taken from a trustworthy knowledge graph. From each true assertion, we can generate many counterexamples
by randomly matching any other entity in the domain of the property :president (e.g., any city’s mayor, which is
. o . :president
also a person) with the : USA entity in a : president relation. For example, : Sadig Khan SR, .usA.
Since the : president property is non-functional, the generated incorrect assertions could be false negative as well.
.. . . .. :locatedIn .

Similarly, for the functional property assertion : Hawaii ———— — :USA, we take any other country in the range of
the property : locatedIn such as : Pakistan, instead of : USA, which will be generated as a counterexample. Since
it is a functional property, the generated example will be truly false.

Random generation is good for functional properties. However, in non-functional properties multiple object instances
are possible (see Definition 2.8). Ergo, because of the OWA, there is a probability to generate false negative counterexamples.

In the following, we describe the approaches that tackle this drawback.

6.3.2 Partial-Closed World Assumption (PCwA). A common approach for generating I'™ is to use the Partial-Closed
World Assumption (PCWA). PCWA is defined in Definition 2.14. From our running example in Figure 1, given a true
assertion :B.Obama ———"5 :M.Obama. The PCWA-based method could generate counterexamples with adjacent

:spouse 38

nodes or distant nodes (i.e., path length >=2). For example, :B.Obama ———— :S.Mirza °° is possible for a

PCWA-based negative sampling method.

6.3.3 Extended Partial Closed World Assumption (E-PCWA). Ortona et al. [95] propose a negative sampling
method based on Extended Partial Closed World Assumption (E-PCWA), which generates a counterexample s 2, o’ by

replacing o with o’, which has the same class as o and is adjacent to s in G [95]. In this method, semantic relevance

3.5 .Mirza is a female tennis player from India.
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Table 10. Counterexamples generation methods for the supervised fact-checking approaches; the abbreviations are:
E-pCwWA/Extended Partial-Closed World Assumption, D—pcwa/Distant Partial-Closed World Assumption, L.ca/Least Common
Ancestors, PPR/Personalized Pagerank.

Approach Year I~ gen. method H Approach Year I'~ gen. method
AMIE [41] 2013 PCWA PRA [44] 2014 Random
FSPG [85] 2015 1ca AMIE+ [40] 2015 PCwWA

GPARs [36] 2015 PCWA SFE [43] 2015 PPR
KGMiner [112] 2016 Random FACTY [71] 2017 PCWA

GEC [76] 2018 WwWPCA OGFEC [77] 2018 WPCA

RuDiK [95] 2018 E-PCWA MAP [1] 2019 PCWA
AMIE-3.0[66] 2020 PCWA KV-Rule [58] 2020 D-PCWA

is ensured by the constraint that both entities must be directly connected by some property p [95]. From our running

. . . . :spouse
example in Figure 1, given a true assertion :B.Obama L :M.Obama, the E-PCWA-based method could

generate :B.Obama S, .M.A.Obama as a counterexample, because :B.Obama and :M.A.Obama are
adjacent nodes (i.e., path length = 1). It is possible that this method also generates false negatives. For example,
:Ronaldo has signed contracts with multiple teams at different points in time (i.e., :runningContractSigned relation with
multiple teams in G), so the E-PCWA-based approach could easily generate a counterexample that is actually true. The
drawback of the E-PCWA-based negative sampling approach is that it suffers from generation of counterexamples that are
actually not false, but true. For example, at least 47.54% of the counterexamples for relatives generated by E—PCWA-based
negative sampling are actually true, according to an analysis presented in [58]. In order to counter these drawbacks, Kim

et al. [58] propose the Distant Partial Closed World Assumption.

6.3.4 Distant Partial Closed World Assumption (D-PCWA). D—PCWA states that there may be other possible values

next to a given subject and no other possible values far from the given subject if the knowledge graph contains one or more

object values for a given subject and property [58]. We formalize the definition as follows: given a true assertion s 2, o,

D-PCWA generates a counterexample s 2, o’ by replacing o with o’ that has the same class and a distance between 2

and a given maximum distance from s [58]. From our running example in Figure 1, the D-PCWA-based method could
:spouse

generate :B.Obama ———— :L.Bush as a counterexample from our knowledge graph excerpt, because they are

connected by some path, and the path length between :L.Bush and : B.Obama is greater than or equal to 2.

6.3.5 Lowest Common Ancestor (LCA). A disadvantage of the approaches described above is that the counterex-
amples could be totally irrelevant from the positive example. However, in LCA-based approaches, the counterexamples
are generated by randomly replacing entities from the assertion that share the same Lowest Common Ancestor class
(i.e., belong to the same class hierarchy) [85]. From our running example in Figure 1, the LCAof :B.Obama is
:President. :J.W.Bushor : B.Clinton could be selected at random because they share the same LCA. Similarly,
for :M.Obama and :L.Bush, the LCAis :FirstLady. These selected nodes are then randomly combined to form
counterexamples like : B. Obama SR, .1.Bush. However, this approach can also produce false negatives (e.g.,
:B.Obama _shouse, :M.Obama).

Hence, we conclude from our discussion that there is no single effective method for the generation of training
counterexamples. Each method has certain advantages and disadvantages.
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7 DISCUSSION AND RESULTS COMPARISON

In this section, we provide a summary of published evaluation results for supervised and unsupervised approaches.

7.1 Effectiveness of unsupervised approaches

Syed et al. propose COPAAL, which is to the best of our knowledge the state-of-the-art unsupervised fact-checking
approach [122]. They compared the state-of-the-art path-based approaches in their evaluation. We include some parts
of their evaluation in Table 11 and Table 12. The numbers show that their approach outperforms all other unsupervised
path-based approaches on real-world and synthetic datasets. For example, COPAAL achieves an AUROC that is at least
0.2 higher than that of KS when handling “Birth Place” triples on a real-world dataset. Syed et al. observe in their
experiments that the anchored predicate paths Ak c(s),c(0)) restrict KeMiner’s performance by selecting only paths to
the same types of subjects and objects as the input triple. Ergo, KGMiner sometimes fails to generalize well. Furthermore,
KL-REL uses only the best path to validate assertions, which can limit its ability to validate assertions because one path
may not be sufficient to provide strong evidence for a given assertion. In contrast to that, COPAAL identifies multiple
paths and assigns weights to them. In Table 11 and Table 12, we observe that in the “Death Place” category, COPAAL
has slightly lower scores as compared to other approaches. COPAAL’s authors explain that this behavior is caused by
numerous available paths, which lead to over-optimistic ratings for some assertions [122]. We can conclude that choosing
many vs. fewer paths has an impact on the effectiveness of the fact-checking task.

Syed et al. [122] perform additional experiments on assertions from the FactBench dataset that comprise DBpedia
IRIs—dubbed FactBench-DBpedia—to generalize the aforementioned insights. The results on FactBench-DBpedia in
Table 13 confirm their findings. COPAAL achieves a better AUROC on almost all categories of Factbench-DBpedia and,
hence, outperforms the compared unsupervised approaches.39

Syed et al. [122] compare efficiency in terms of runtime. They measure the average throughput of all approaches from
end to end. The fastest approach is KL-REL with 29.78 triples/min. COPAAL is placed second with 21.02 triples/min.
while KS achieves an average throughput of 10.05 triples/min. We can conclude that COPAAL’s runtime is comparable to

the other approaches while achieving significantly better results.

Table 11. Performance (AUROC) results of path-based approaches on real-world datasets [122].

Birth Place  Death Place  Education = Nationality

COPAAL 0.9441 0.8997 0.8731 0.9831
KS 0.7197 0.8002 0.8651 0.9789
KL-REL 0.9254 0.9095 0.8547 0.9692

Table 12. Performance (AUROC) results of path-based approaches on synthetic dataset [122].

US-CAP  NBA-Team  Oscars CEO US-WAR US-VP  FLOTUS

COPAAL 1.000 0.999 0.995 0912  0.999 0.953 1.000
KS 1.000 0.999 0.950 0.811 0.865 0.798 0.980
KL-REL 1.000 0.999 0.976 0.898 0.636 0.746 0.986

39Syed et al. used a Wilcoxon signed rank test to ensure the significance of the results.

Manuscript submitted to ACM



38 Qudus et al.

Table 13. Performance (AUROC) results of path-based approaches on FactBench-DBpedia datasets [122].

Domain  DomainRange Mix Property Random Range

COPAAL  0.9348 0.9389 0.8561 0.7307 0.9411 0.8937
KL-REL  0.8453 0.8619 0.7721 0.6154 0.8547 0.8219
KS 0.8019 0.8124 0.7215 0.6047 0.7911 0.8047

7.2 Effectiveness of supervised approaches

In Figure 7, we show a comparison of accuracy (prediction rate), precision, recall, and F1-score for supervised fact-
checking approaches on different datasets based on the evaluation results of Lin et al. [76]. Lin et al. [76] propose the
rule-mining-based approach OFactg and the supervised path-based approach OFact. They provide a comparison of their
approaches to the state-of-the-art rule-mining-based approach, i.e., AMIE+ [40]; and supervised path-based approaches,
i.e., PRA [44] and KGMiner [112]). For their experiments, they use four real-world knowledge graphs, i.e., MAG [135],
DBpedia [8], Wikidata [83], and Yago [117]. We include their comparison results in our survey and extend it with results
for SFE. Lin et al. try different configurations of the single approaches and only report the best results. We did the same
for SFE. SFE inputs include the radius of the subgraphs to be sampled, the type of path extraction method, and the feature
type. We set the radius value to 2, BFS as a path extraction method (a bidirectional BFS from the source and the target
nodes), and selected the same feature type as PRA.40 All the supervised path-based approaches within this comparison
use a logistic regression model for the classification task. For a fair comparison, the same train and test assertions are used
for all approaches. OFact achieves the highest accuracy across all datasets. It outperforms OF actg by 4-21%, KGMiner
by 2-14%, SFE by 8-34%, PRA by 2-13%, and AMIE+ by 2—28% higher accuracy values. Also, OFact achieves the
highest precision, except for the MAG dataset where PRA achieves a slightly higher precision. PRA’s results indicate
that it is insensitive to the knowledge graph size by sampling only a fixed number of paths. SFE uses subgraphs for the
fact-checking task, and it has a simple and inherent computation model. However, it does not perform as well as PRA for
large-scale knowledge graphs such as Yago, DBpedia, and Wikidata. For the MAG dataset, the same accuracy is observed
for both SFE and PRA. We also observed that varying the bound size for AMIE+, i.e., rule size bound, and SFE, i.e.,
radius bound for subgraphs, affects the precision values, i.e., higher bounds lead to less precision.41 For AMIE+ and
SFE, the larger bound size could lead to more rules, which expedites hits over false assertions. We can conclude that
for a fixed number of training assertions, increasing the bound size can lead to an overfitting situation that reduces the
overall precision values. In general, SFE and AMIE+ achieve a high recall, but they have low accuracy and precision
on average. It is also worth noticing the F1-score for these approaches, due to the large difference between the number
of true and false assertions. On average, OF act achieves the highest F1-score across all datasets. It is followed by SFE,
OFactg, AMIE+, KGMiner, and PRA. When comparing only the rule-mining-based approaches AMIE+ and OFactg,
OFactg achieves better precision and F1-score on average. However, AMIE+ achieves higher recall values on all datasets.

Lajus et al. [66] compared the three recent rule-mining-based approaches OP [22], RuDiK [95], and AMIE-3. 0 [66].
We also use their evaluation results in our survey. The results of all these approaches are calculated using their default
configurations on 3 datasets (YAGO2s, DBpedia 3.8, and a Wikidata dump from December 2019). As it can be observed
from Table 14, in general, the OP approach has the longest runtime, and it produces the largest number of rules [22, 23].
We investigate the reason behind this behavior and find out that OP uses heuristics to produce rules similar to the

confidence approximation of AMIE+. Afterward, OP generates the support and confidence of the remaining candidates.

40The path between source and target node.
4I'These precision results are not shown in this survey.
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Fig. 7. Comparison of average accuracy (prediction rate), precision, recall and F1-score for supervised fact-checking
approaches on different datasets [76].

However, this algorithm does not allow prior pruning based on confidence and support. Due to this nature, the confidence

and support of most rules are very low (i.e., > 90%). The computation of these rules with very low confidence and support

leads to higher runtime. To reproduce OP’s created rules with AMIE-3. 0, Lajus et al. ran AMIE-3. 0 [66] with a support
threshold of 100 and a CWA confidence threshold of 0.1. AMIE-3. 0 reproduces all the rules produced by OP in less than

2 minutes and added even more rules. This runtime improvement is achieved due to the heuristic used in AMIE-3. 0.

However, when Lajus et al. [66] ran AMIE-3 . 0 with a support of 1 and a minimal CWA confidence of 107>, they mined

more rules than OP on the Yago2s dataset in less time (factor 25x). On DBpedia and Wikidata, RuD1iK mined rules in 12

and 23 hours, respectively. In comparison, RuD1iK mined fewer rules because it could not generate positive and negative
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examples of certain relations. On large datasets like Dbpedia and Wikidata, AMIE-3. 0 is still faster and mines more
rules than the other approaches.

A limitation of the rule-mining-based approaches is that they load the entire graph into memory in order to discover a
set of rules. RuD1K proposes a different approach by loading only a chunk of the knowledge graph into the memory [95].
As we can observe from Table 14, RuDiK is faster than OP. RuDiK also uses a parallel processing architecture [95].
However in [66], authors observe that RuDiK’s original parallelization mechanism does not scale well to more than 5
cores. Similarly, the average load on a system executing AMIE-3.0 on Yago, DBpedia, and Wikidata on a virtuoso
server never exceeds 5 cores. Lajus et al. [66] conclude that even though RuDiK utilizes more cores, AMIE-3.0 is

still a faster approach. Additionally, AMIE—-3. 0 was able to mine some relations that are not even covered by RuDiK
:inRegion 5 :inCountry
(3%

or OP. For example, AMIE-3.0 mined the relation : inCountry as (?x ?z) =

(?x _inCountry, ?z). However, RuDiK misses it, even though this rule has high confidence and support values [66].
We conclude from this evaluation that AMIE-3. O is the fastest approach currently available and it finds the largest set
of rules. However, it has to load the whole graph into main memory. The size of the Wikidata version that Lajus et al. [66]
evaluated is 500 GB, which consumed all their system’s available memory, i.e., S00GB. So this kind of approach may
not be suitable for very large knowledge graphs on smaller machines, because more resources will be required for the
rule-mining process. RuDiK on the other hand is based on a parallel architecture and does not load the entire graph in
memory, which makes it suitable for rule-mining on large knowledge graphs on relatively smaller machines with fewer

resources.

Table 14. Runtime performance and output of different rule mining approaches. *:rules with support > 100 and cwa confi-
dence > 0.1 [66].

Dataset System Rules Runtimes
oP [22] 1348 (96*) 3h 20min
Yago2s RuDiK [95] 17 37min30s
AMIE-3.0 [66] 97 1min50s
AMIE-3.0 [66](support=1) 1596 7Tmin6s
0P [22] 7714 (220%) > 45h
DBpedia 3.8 RuDiK [95] 650 12h 10min
AMIE-3.0 [66] 5084 7min 52s
AMIE-3.0 [66](support=1) 132958 32min 57s
0P [22] 15999 (326%*) > 48h
Wikidata 2019 RuDiK [95] 1145 23h
AMIE-3.0 [66] 8662 16h 43min

8 RELATED FIELDS OF RESEARCH

There are some fields of research that are closely related to fact checking and are worthy to be considered for the discussion

in this survey. These fields include the following.

8.0.1 Trustworthiness of sources. Trustworthiness is a key feature of text-based fact-checking and fake news detection
approaches. Trustworthiness can be of three types: information-based, theoretical,and reputation-based[98].

Information-based trustworthiness is computed from sources making conflicting claims, by iteratively updating
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their values based on certain parameters, such as calculating belief in facts depending on trust in their sources, and trust in
sources depending on belief in their facts [141]. Dong et al. propose an extension to this approach by pre-calculating the
source dependence from other sources. Hence, independent sources get higher credibility [32, 33]. Marsh et al. propose
that the theoretical trust can be of three categories [84]: (1) global trust, i.e., user’s rating system, (2) personal trust,
i.e., each person has some trust values based on their prior knowledge, and (3) situational trust, i.e., specific to some
context. Many algorithms are based on global trust [141, 142], however some algorithms, such as [98], use personal
trust by exploiting their prior knowledge. Lastly, the approaches based on reputation-based trust determine source
trust by computing reputation among other sources. For example, the PageRank [97] algorithm ranks web pages. The
difference between reputation-based and information-based is that algorithms of the latter category use
the content rather than peer recommendation in the former approach. Furthermore, Nakamura et al. propose a different
approach to enhance search engine results based on the trustworthiness analysis of those results [92]. A survey was
conducted to determine how often users use search engines and how much they trust the content and rankings. Nakamura
et al. calculate the trustworthiness of search results using several criteria, such as locality of supporting pages, topic
coverage, topic majority, and others [92]. Consequently, we conclude that their approach combines information- and

reputation-based trustworthiness.

8.0.2 Truth Discovery. Truth discovery aims to identify true claims from a set of conflicting claims made by several
sources [14]. Beretta et al. apply this to knowledge graphs [12]. They calculate the trustworthiness of sources and the
confidence for conflicting assertions using an existing rule-mining-based algorithm [41].The assertions with the highest

confidence are used to populate the knowledge graph.

8.0.3 Surveys in related disciplines. Different surveys emerged in journalism, claim or stance detection and verifi-
cation, fake news detection, and evidence classification. Konstantinovskiy et al. provide definitions for claim detection
proposed in the literature and also propose an updated definition based on commonalities from existing ones [62]. They
also discuss the challenges faced in identifying and defining trustworthy claims for the fact-checking task on the web.
Thorne et al. discuss and analyze fact-checking definitions, methodologies, and conceptualization [128]. They also discuss
knowledge graph-based approaches. However, recent fact-checking approaches and path-based approaches in general, are
missing from their survey. Zhou et al. consider the task of fake news identification in their survey [144]. It focuses on
defining fake news and presenting related fundamental theories. Yalian et al. perform a comprehensive overview of truth
discovery methods in their survey [75]. They also discuss the application aspect of these methods. All these surveys focus
on claim identification, fake news detection, or evidence classification. However, in this survey, we discuss and analyze

recent trends in fact checking over knowledge graphs.

9 RESEARCH FINDINGS AND FUTURE FORECASTING

In the following, we present a list of open research challenges that are important for future research in the research domain

of fact checking over knowledge graphs:

o Knowledge graph veracity: To the best of our knowledge, there is currently no approach to compute the veracity of
a complete knowledge graph efficiently and effectively. Current solutions check the veracity of a single assertion
and take longer time on average when using a large-scale knowledge graph as the background knowledge, e.g., 2-3
mins. on average for COPAAL [122].
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Bias in fact-checking approaches: The majority of the fact-checking approaches rely on reference background
knowledge in the form of a knowledge graph Gor a corpus, such as DBpedia as Gor Wikipedia as a corpus.
Some approaches are trained for a particular dataset, such as PolitiFact[131] or CredBank[88]. These datasets and
reference background knowledge are often curated by a small group of people and often annotated by non-experts,
resulting in bias in the overall fact-checking process.

Temporal assertions: Several knowledge graphs, such as ICEWS [69], GDELT [70], Wikidata [83] and Yago [117],
contain temporal information augmented with assertions. However, some knowledge graphs, such as MAG [135],
fail to provide such information. Considering some assertions are time sensitive (e.g., : B. Obama president
:USA ), it would be highly relevant to know the temporal aspect of such assertions, i.e., [2009 — 2017]. To the
best of our knowledge, the only work that looks into the temporal aspect of the fact-checking task is Temporal-
DeFacto [45]. However, it faces the problem of manual feature engineering [105]. There is a need for better
fact-checking datasets that cover temporal assertions as well, in order to perform time-aware fact checking.
Ontology support: Most real-world knowledge graphs, such as MAG [135] and Offshore [73], do not provide
ontological information, e.g. class information. Nevertheless, many fact-checking approaches rely on RDFS
semantics, such as RDF class information [43, 67, 112, 114, 122]. How can a fact-checking algorithm find the
veracity of the given assertion, provided the ontological information is missing? One possible solution is to infer
this information from the knowledge graph itself, but most current fact-checking approaches fail to do so.
Ambiguity of the claims: The generation of meaningful explanations is a challenging task. Assertions without
proper explanations are ambiguous. Only a few approaches deal with this problem by generating explanations of
the results. Kotonya et al. and Atanasova et al. [6, 65] provide natural language explanations of the claims. Few
other approaches provide explanations of assertions via horn rules [1, 38, 39]. COPAAL offers the generation of
explanations based on the found paths [122, 125]. But these approaches are still not up to the mark for non-technical
users. A better explanation module is required to provide better evidence for non-technical users, such as journalists,
bloggers, and analysts.

Rule-mining-based solutions limitations: Rule-mining-based approaches experience a trade-off between the
expressiveness of rules discovered and the runtime [41, 95]. How to handle this issue smartly remains an interesting
research direction.

Sources and subjectivity: Not all information is trustworthy, and sometimes trustworthy sources contradict each
other. Most of the fact-checking approaches rely on Wikipedia (for unstructured reference knowledge-based
solutions) or DBpedia (for structured reference knowledge-based solutions). As an example, in FactCheck and
Temporal-DeFacto the justification for the labels (True/False) is restricted to sentences selected from a local or
web corpora (i.e., Wikipedia and ClueWeb42); and in the case of KS, KL, KL-REL, and COPAAL, DBpedia is used
as a reference corpus. Hence, there is a need for reliable or general sources or even multiple corpora.

Evaluation of fact-checking task: AUROC and PR (Precision-Recall) curves are widely used metrics for the binary
classification of assertions in fact-checking approaches. These approaches label assertions as true or false. The
decision made by the approaches can be represented in a confusion matrix or contingency table. The confusion
matrix has four categories: True positives (TP) are assertions correctly categorized as true. False positives (FP)
refer to false assertions incorrectly categorized as true. True negatives (TN) correspond to negatives correctly

labeled as false. Finally, false negatives (FN) refer to true assertions incorrectly labeled as false. The confusion

42 https://lemurproject.org/clueweb12/
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matrix can be used to construct a point in ROC or PR space. These two metrics are related to each other (i.e.,
equivalent spaces) and are proven to be effective methods for binary classification tasks [28]. However, there is a
need for fact-checking platforms or benchmarks, that could evaluate the overall fact-checking task using these

metrics.

10 APPLICATIONS

Fact-checking approaches are becoming popular among researchers and industries and are successfully applied in
numerous real-world applications. Following, we summarize some applications related to fact checking over knowledge

graphs:

e Commercial and open-source knowledge graphs: Many commercial and open source knowledge graphs, such
as Google knowledge graph [116], Yago [117], DBpedia [8], and Wikidata [83], have emerged. Most of these
knowledge graphs are incomplete and may contain incorrect information [54, 138]. For example, DBpedia version
3.6 is circa 80% correct [45], and Yago is 98% correct.*> However, these stats are computed either manually or
semi-automatically. To the best of our knowledge, there is no automatic fact-checking approach to compute the

veracity of a complete knowledge graph.

Healthcare: Knowledge graphs in healthcare are also emerging. Healthcare information quality is a critical issue,
which is very essential and is being addressed using fact-checking approaches [65]. For example, SemEHR is an

Al-based healthcare system, which relies on knowledge graphs as background knowledge [139].

Information extraction: For the further growth of knowledge graphs, the extraction of structured data from
unstructured or semi-structured sources is important. When information is extracted from multiple sources, the
results could be conflicting. Therefore, fact-checking algorithms have been incorporated to identify and resolve
these conflicts [99].

Crowdsourcing: Crowdsourcing platforms provide an efficient way to get solicit veracity labels from the crowd [75].
However, the output quality is quite diverse. Therefore, fact-checking methods are being developed to aggregate
labels and learn true labels [10, 29].

Crowd sensing: Crowd sensing provides information about the physical world (e.g., road closure, gas shortage, or

a disaster) [86]. Fact-checking approaches are developed to determine the veracity of such information [134, 136].

11 CONCLUDING REMARKS

Fact checking over knowledge graphs quickly gained massive attention and found important applications in various
domains. This article provides a systematic review, research issues, merits, and demerits of available fact-checking
approaches for knowledge graphs that support fact-checkers. We divided these approaches into different categories, i.e.,
(1) textual-reference-knowledge-based, (2) structured-reference-knowledge-based, and (3) hybrid approaches. Then we
performed a comprehensive comparison of these categories in terms of used techniques, efficiency, and effectiveness. We
also compared different datasets and benchmarks proposed in the fact-checking literature. We summarize the findings of

our analysis as follows:

o Path features are quite discriminant in finding the veracity of the given assertion. Ergo, subgraphs and path-based

methods often report higher prediction rates.
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o In unsupervised meta-path-based approaches, COPAAL outperforms other approaches due to the corroborated path
exploration using ontological features in the knowledge graph (Table 11 and 12).

e In rule-mining-based approaches, AMIE-3. 0 is the fastest approach that discovers more expressive rules as
compared to other approaches (Table 14).

o We suggest several research directions, which might receive increasing attention in the near future.

We hope this brief exploration into the domain of fact checking over knowledge graph can provide new insights into

future applications of fact checking.
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