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ABSTRACT
Existing fact-finding models assume availability of struc-
tured data or accurate information extraction. However,
as online data gets more unstructured, these assumptions
are no longer valid. To overcome this, we propose a novel,
content-based, trust propagation framework that relies on
signals from the textual content to ascertain veracity of free-
text claims and compute trustworthiness of their sources.
We incorporate the quality of relevant content into the frame-
work and present an iterative algorithm for propagation of
trust scores. We show that existing fact finders on struc-
tured data can be modeled as specific instances of this frame-
work. Using a retrieval-based approach to find relevant ar-
ticles, we instantiate the framework to compute trustwor-
thiness of news sources and articles. We show that the pro-
posed framework helps ascertain trustworthiness of sources
better. We also show that ranking news articles based on
trustworthiness learned from the content-driven framework
is significantly better than baselines that ignore either the
content quality or the trust framework.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval—Information filtering ; I.2 [Computing
Methodologies]: Artificial Intelligence

General Terms
Design, Algorithms, Measurement, Experimentation

Keywords
Trust models, credibility, graph algorithms, fact-finders

1. INTRODUCTION
As online content grows exponentially, reliance on the

Web content is also growing in many domains. Surveys
show that more people, independent of age, now rely on on-
line content for news, opinion, social networking, and other
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aspects of personal well-being, including health. An early-
2009 poll [3] found that 62% of Americans got their informa-
tion about HIV and AIDS through media sources, including
news websites and the Internet, as compared to only 13%
who received the information from their doctors. Similarly,
while the readership of traditional newspapers is declining,
accessing news online has steadily increased over the past
few years. In a March 2010 survey of US Internet users [1]
on the primary source used to find news, it was found that
the Web/Internet is, by far, the most popular source (49%)
as compared to television (32%) and newspapers (9%).

The relative ease of publishing online, however, has led
to a significant impact on the overall quality of information
accessible to the consumers. A user searching online for
news would not be able to easily distinguish a trustworthy
news article from another that is biased or nonfactual. In
such a scenario, users would like to know whether a claim or
an article they find online is indeed trustworthy and which
sources are more trustworthy than others.

To address this problem, in this paper, we study how
to predict trustworthiness of textual claims. We propose
a novel, content-driven, trust propagation framework that
helps ascertain the veracity of free-text claims and compute
trustworthiness of their sources based on the quality of evi-
dence. As a specific instance of such a framework, we mea-
sure the trustworthiness of news sources and stories. Given
a collection of news text articles from multiple sources, we
would like to ascertain relevant, trustworthy news articles
and sources to help users gauge the veracity of given claims.

Although trustworthiness frameworks have been studied
earlier, they were mainly focused on structured“facts”(claims)
and the underlying information network. There are two ma-
jor lines of previous work: the first is TruthFinder [24] that
aims at computing the veracity of “facts” and trustworthi-
ness of sources, utilizing the relationship between source and
claims and the interaction between claims. The second rel-
evant framework is proposed by Pasternack and Roth [19],
who extend the fact-finding models by incorporating prior
knowledge about claims into an existing fact-finding algo-
rithm and formulate it as a linear program. Both have as-
sumed structured data, i.e., they assume that there exists
explicit correspondence between sources and claims.

The problem setup addressed in this work, however, is sig-
nificantly different. We postulate that sources do not nec-
essarily state the claims they make explicitly, making it dif-
ficult for information extraction algorithms to extract them
accurately. Instead, sources give certain evidence in favor of
or against claims, which are in free-text form. Existing trust
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models do not handle such scenarios. We propose that trust
computation frameworks should assimilate the relevance of
evidence content found for a claim, uncertainty in quality of
these evidence artifacts, and the information network struc-
ture to compute trustworthiness. This paper presents such
a “content-driven” framework for computing trust, which is
an enhancement to previous fact-finding models.

The key contributions of this paper are as follows: (i) we
propose a novel, content-driven, trust computation frame-
work (Sec. 3) and describe factors that affect computation
of trustworthiness; (ii) we present approaches to address un-
certainty of evidence and similarity between evidence docu-
ments (Sec. 4); and (iii) we instantiate a model to compute
trustworthiness of news sources (Sec. 5.1), utilizing trust
scores assigned to news stories by humans. Our experiments
show that the instantiated model helps assess trustworthi-
ness of news sources better and that ranking news articles
based on our model is significantly better than baselines that
ignore either the evidence quality or the trust framework.

2. PROBLEM DEFINITION
The overall goal is to estimate the veracity of textual

claims. A claim is a statement, topic, or a document whose
veracity is unknown. It can be a “fact” (alternatively, “true
claim”) or a “hoax” (alternatively, “false claim”). Previous
literature have sometimes called these “facts”, but we prefer
a more unbiased nomenclature.

In a typical instantiation of the problem, the claim is in-
put to the system and the framework would estimate the
veracity of the claim. One of the key factors in determining
the veracity is the characteristics of the sources that sup-
port the claim. A source gives evidence for (or “expresses”)
a claim. Trustworthy sources support true claims or contra-
dict false claims, while untrustworthy sources support false
claims or contradict true claims. In addition, a piece of ev-
idence is a passage, document, or artifact that supports or
contradicts a claim. “Good” (trusted) evidence boosts the
source’s trustworthiness and the claim’s veracity.

An overall judgment on the veracity of the claim is made
based on the trustworthiness of the sources giving evidence
for the claim and the relevance and nature of evidence found.
Instead of classifying claims as true or false, the proposed
framework assigns confidence scores to claims and ranks ev-
idence and sources based on trustworthiness, to help users
decide the claims’ veracity for themselves. The typical ques-
tions that the framework helps answer are:

• Veracity of claims: How truthful is this claim?

• Source trustworthiness: What are the trusted sources
for this claim?

• Evidence trustworthiness: Which pieces of evidence
are more trustworthy than others for this claim?

2.1 Sample instantiation of the problem
As a specific instance of the problem, consider the need to

judge the trustworthiness of news available online. We can
find many news articles on a topic from various sources, but
they are not equally trustworthy. The news articles may be
written by biased media sources or may be opinion articles
that are more biased than, say, news reports. Our overall
goal is to assign veracity of reporting on a given topic, in
addition to inferring which sources and news articles are
more trustworthy than others.

Figure 1: Two-layer trust framework and its corre-
sponding three-layer representation

3. CONTENT-DRIVEN TRUST FRAMEWORK

3.1 Modeling trustworthiness
As mentioned in Sec. 1, the trust frameworks proposed so

far are built on structured data and assume accurate infor-
mation extraction. Previous work on computing trustwor-
thiness [24, 19] are based on a bi-partite graph structure,
consisting of the source layer and the claim layer (Fig. 1(a)).
The nodes in the claim layer are linked to all the source
nodes that express the claim. Typically, the claim score de-
pends solely on the score of the sources linked to the claim,
and conversely, the source score depends only on the score
of the claims the source is linked to. A source is assumed to
contribute uniformly to all the claims it expresses.

The two-layer architecture ignores the content and the
context in which the source expresses the claim. To over-
come this limitation, we propose a framework that includes
content nodes as an intermediate layer. The framework,
hence, is a three-tier graph consisting of source, evidence
(content), and claim layers (see Fig. 1(b)). Each content
node represents the evidence given by a source for a claim,
and links to one source node and one claim node. This al-
lows the trust framework to explicitly capture the textual
context in which a source provides evidence to a claim.

Formally, let W = {w1, w2, . . . , wM} be the set of M
source websites. Each website w is assigned a trustworthi-
ness score τ(w) ∈ [0, 1]. If a source is completely trusted,
its trustworthiness score τ(w) = 1. Let C = {c1, c2, . . . , cN}
be the N claims in the dataset. Each claim c has an overall
veracity score, σ(c) ∈ [0, 1]. σ(c) = 1 for facts and 0 for
hoaxes. The veracity score may also be interpreted as the
confidence of classifying a claim as true.

A claim ci is associated with p pieces of evidence, E(ci) =
{ei1, ei2, . . . , eip}. A piece of evidence, e, links one source
website, w(e) ∈ W, to one claim, c(e) ∈ C, and has a con-
fidence score, ψ(e) ∈ [0, 1]. ψ(e) represents the confidence
in the evidence’s trustworthiness. Finally, let C(wi) = {c ∈
C| ∃e ∈ E : (c(e) = c) ∧ (w(e) = wi)} denote the claims for
which the source wi gives some evidence.

In addition to the nodes, the framework also consists of
interaction edges between the graph nodes. There are three
main types of interactions in the proposed framework:

1. Evidence - Claim interaction (or Content Rele-
vance): The evidence - claim edges represent the relevance
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Figure 2: Factors influencing trustworthiness of
claims and sources. Inter-evidence interactions are
shown only with respect to evidence e1 for clarity.

of evidence for a claim. Let ρ(e, c) measure the extent of
relevance of a piece of evidence e to claim c. The measure
allows for highly relevant pieces of evidence to be weighted
more than other evidence artifacts.

2. Evidence - Evidence interaction (or Content Equiv-
alence): Evidence artifacts are not independent of each
other. In fact, multiple sources may give very similar evi-
dence for a claim. We define γ(e1, e2) to be a measure of in-
fluence on evidence ei due to evidence ej . This may be either
symmetric or asymmetric. Adding this measure of influence
constrains the framework to make similar evidence artifacts
get similar trustworthiness score, even though they may
come from different sources that are not equally trustable.

3. Source - Evidence interaction: Another measure
that affects the trustworthiness of claims is the confidence
of the source w on a piece of evidence e, and by extension on
the claim. Let ξ(w, e) denote this measure. This is especially
useful to model the confidence of extraction module (in the
structured setup). Note that this has a different interpre-
tation than τ(w), the trustworthiness of the source. τ(w)
denotes how trustworthy are the claims made by the source:
“is w a reliable source?” On the other hand, ξ(w, e) denotes
how confident is the fact that source w gave evidence e for
the claim, and hence it can be different for different pieces
of evidence given by the same source w.

Fig. 2 summarizes the factors influencing trustworthiness
of claims. It shows the various parameters affecting σ(c1),
and inter-evidence influence with respect to evidence e1.

3.2 Computing trust scores over framework
Next, we present techniques to compute the trustworthi-

ness scores over the trust framework. We start with the
evidence confidence scores, ψ(e), which are initialized solely

based on features from the evidence artifacts. Let ψ(0)(e)
denote this initial estimate of the quality of evidence. Next,
we assume uniform initial trustworthiness, τ (0)(w), for all
sources. If there is some prior knowledge on source trust-
worthiness, i.e. if some sources are “preferred” over others,
then this information can be used to estimate τ (0)(w). Once
these nodes are initialized, the scores for nodes in other lay-
ers are computed iteratively as follows, until convergence.

Eq. 1 computes the average estimate of the claim verac-
ity score based on the pieces of evidence relevant to the
claim and the current estimate of the trustworthiness of
their sources. Then, Eq. 2 re-estimates the source trust-

worthiness, based on new claim veracity scores. Finally, the
evidence score is recomputed (Eq. 3) as a linear interpolation
of the previous and new estimates of source trustworthiness:

σ
(n+1)

(ci) =

P
ej∈E(ci)

h
ψ(n)(ej) × τ(n)(w(ej))

i
|E(ci)|

(1)

τ
(n+1)

(wi) =

P
cj∈C(wi)

σ(n+1)(cj)

|C(wi)|
(2)

ψ
(n+1)

(ei) = μ ψ
(n)

(ei) + (1 − μ) τ
(n+1)

(w(ei)) (3)

where μ denotes the interpolation parameter to control the
bias of prior knowledge of ψ(e) on future estimates. Once the
algorithm converges, σ(c) gives an estimate of the veracity
of claim c, τ(w) shows the trustworthiness of source w, and
ψ(e) gives a goodness score for the piece of evidence e.

3.3 Modeling inter-evidence influence on trust
scores

In addition to the source and other intrinsic properties of
the evidence artifact, other pieces of evidence similar to an
evidence artifact also influence its trustworthiness. To cap-
ture this effect, we introduce a similarity metric, γ(ei, ej)
as a measure of influence on ei due to ej . It may be either
symmetric or asymmetric. Typical examples of γ(ei, ej) be-
tween textual pieces of evidence include cosine and TF-IDF
similarity, and advanced similarity metrics such as topic-
sensitive similarity based on LDA [5]. Specific domain-level
knowledge can also be incorporated into this function, such
as rule-based named entity similarity or using thesauri for
finding similarity between medical treatments.

The inter-evidence similarity γ(ei, ej) can be incorporated
to improve the estimate of ψ(ei) (Eq. 3), as follows:

eψ(n+1)
(ei) = λ

0
BBB@

P
ej∈E(c(ei))

ej �=ei

h
ψ(n)(ej) × γ(ei, ej)

i

|E(c(ei))| − 1

1
CCCA

+ (1 − λ) ψ
(n+1)

(ei) (4)

where ej spans over all pieces of evidence except ei, that
give evidence for claim c(ei). λ denotes the interpolation
parameter that controls the effect of inter-evidence similarity
in estimating ψ(e). Such a formulation allows us to vary λ
to model existing trust formulations. For example, setting
λ = 0 effectively ignores the effect of evidence on each other,
mirroring fact-finding algorithms such as Sums [19].

3.4 Modeling relevance of evidence
The formulation explained so far simplistically assumes all

evidence artifacts are uniformly relevant to the given claim.
However, an evidence may either strongly assert a claim or
refer to it only in passing. In such scenarios, it may be
prudent to weight the claim veracity score towards more
relevant pieces of evidence. This factor is incorporated in
the computation of claim veracity (Eq. 1) by adding the
factor ρ(e, c), as follows:

eσ(n+1)
(ci) =

P
ej∈E(ci)

φ
“
ψ(n)(ej), τ

(n)(w(ej)), ρ(ej , ci)
”

|E(ci)|
In this work, we have formulated the combination function

φ as a product of the factors:

eσ(n+1)
(ci) =

P
ej∈E(ci)

h
ψ(n)(ej) × τ(n)(w(ej)) × ρ(ej , ci)

i
|E(ci)|

(5)
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3.5 Modeling source-evidence interaction
As described in Sec. 3.1, the source-evidence interaction

parameters, ξ(w, e), are useful to model extraction accuracy
in a structured domain instantiation. In trust propagation
computation, the contribution of the trust score for a piece
of evidence e from its source w is given by τ(w) × ξ(w, e).

4. INSTANTIATING TRUST FRAMEWORK
Now that the details of the framework have been de-

scribed, we can instantiate the framework for computing
trustworthiness of claims. This requires the following steps:

1. Collecting relevant evidence for claims, and defining
ρ(e, c) and ξ(w, e).

2. Assigning evidence scores, ψ(e).
3. Defining similarity between evidence documents, γ(ei, ej).

4.1 Collecting evidence for claims
When a claim is input to the system, relevant pieces of

evidence are identified from a collection of documents. First,
a text corpus of documents is collected and a retrieval index
is built over these potential evidence artifacts. Then, for
every claim c, the index is used to retrieve relevant pieces
of evidence, which are then used to instantiate the evidence
layer of the framework. For each retrieved document e, the
retrieval score is normalized to [0, 1] scale and used as ρ(e, c).

For the sample instantiation to compute news trustwor-
thiness (described in Sec. 2.1), the index is built over a col-
lection of news stories. In this domain, since we do not have
any extraction module, we uniformly set ξ(w, e) to 1.

4.2 Assigning evidence scores
The initial evidence scores can be assigned in multiple

ways, as follows:
1. Uniform weight: All pieces of evidence are set to a

uniform weight, ψ(0)(e). If ψ(0)(e) = 1, the framework re-

duces to the two-layer trust framework. ψ(0)(e) < 1 denotes
all evidence artifacts are uniformly, but not fully trusted.

2. Assign weights based on retrieval score: When
the pieces of evidence are retrieved for a claim, they can be
scored based on the rank and retrieval score given by the
retrieval system such that top ranked artifacts get higher
weight. In the experiments presented in this paper (Sec. 6),
this represents the ranking baseline where sources and pieces
of evidence are ranked based on a retrieval system, rather
than the trust framework.

3. Assign weights based on weak supervision: It
may be possible to assign non-uniform weights to the pieces
of evidence based on human judgments, as humans may be
able to review the artifacts to decide if they are trustworthy.

4. Learn weights: The evidence scores can be learned
based on features from the evidence artifact, such as at-
tribution of claims, style of writing, and reference to other
articles that are trusted.

In this work, we will use the first three variants of assign-
ing evidence scores. Our dataset consists of human-rated
articles, where annotators judged stories in a stand-alone
mode without looking at the source features. Hence, in-
stead of learning the weights, we use these judgments as
good signals for the score we want to learn. Learning scores
using features from the evidence artifact is not considered in
this paper, and is an interesting future direction to explore,
especially for corpora where supervision is not available.

4.3 Finding similarity between documents
The effect of pieces of evidence on each other is captured

in a similarity metric γ(ei, ej), as follows:
1. Strict similarity: The strictest form of similarity

between pieces of evidence is duplicate matching, where
γ(ei, ej) = 1 only if ei = ej and 0 otherwise. This may be re-
quired, for instance, to link up duplicate nodes if an evidence
document is repeated as multiple nodes in the framework.

2. Vector similarity: The baseline similarity measure for
text documents is the cosine similarity between documents,
where the documents are represented as a binary vector of
words and cosine similarity is given by the dot product of
the two vectors. Another option is to use TF-IDF similarity,
where a word’s frequency is weighted by the word’s IDF. If
vi and vj are vector representations of the two documents,
such that vi[w] is the product of frequency of word w in ei

and the IDF of w, then TF-IDF similarity is given by:

TF-IDFsim(vi, vj) =

P
w∈V (vi[w] × vj [w])qP

w∈V (vi[w])2
qP

w∈V (vj [w])2

3. Topic-based similarity: The similarity of documents
can also be measured based on the topical similarity be-
tween them. A probabilistic mixture model is learned on
the evidence documents for a claim, and documents are as-
signed to clusters based on the learned model. The details
of the model are given in Sec. 4.3.1. Two documents that
are clustered together have higher similarity than those from
different clusters.

In the current work, these similarity factors were com-
bined in the following formula:

γ(ei, ej) =

(
1 if ei =ej

TF-IDFsim(vi, vj) if ei �=ej ∧ ej ∈g(ei)
α×TF-IDFsim(vi, vj) otherwise

(6)

where vi, vj are TF-IDF vector representations of ei, ej , re-
spectively, g(e) is the cluster to which e belongs, and α is the
average-length cluster similarity between g(ei) and g(ej).

4.3.1 Clustering evidence documents
Once the evidence documents are retrieved for a claim,

we cluster them based on common aspects in the evidence
text after learning a probabilistic mixture model. We used
the PLSA model [13] with a background component [25].
Formally, let θ1, θ2, . . . , θk be k aspect-based unigram lan-
guage models and θB be the background language model. A
document d is generated word-by-word from the following
mixture model:

pd(w) = λBp(w|θB) + (1 − λB)
kX

j=1

[πd,jp(w|θj)]

where w is a word, πd,j is document-specific weight for the

jth aspect and
Pk

j=1 πd,j = 1. λB is the mixture weight for

the background model θB , and is set to a large value (typ-
ically, 0.95). The model parameters, Θ = (θj , πd,j)

k
j=1, can

be estimated using Expectation Maximization [8] (details
are omitted due to space limitation).

Once the model parameters are learned, the documents
are clustered in one of k clusters based on which topic model
best explains the document. A document d is assigned to
cluster j′ = arg maxj∈[1,n] πd,j . As explained above, docu-
ments belonging to one cluster are considered more similar
to each other than to documents from different clusters.
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5. EXAMPLE INSTANTIATIONS
We outline how the proposed trust framework can be in-

stantiated in different scenarios to demonstrate applicabil-
ity of the framework across both structured and unstruc-
tured domains. We present sample instantiations in three
domains, viz., news, books, and health forums. However,
we will evaluate the framework only in the news domain.

5.1 Trusting Online News
Our first instantiation uses the proposed trust framework

to capture the trustworthiness of news online (see Sec. 2.1).
The objective is to check veracity of claims of the form:
“News coverage on 〈a given topic〉 is fair and unbiased.” The
input is, hence, in the form of topics (keyword queries). The
framework outputs the veracity scores for claims and identi-
fies most trusted news sources and stories. Here, the claim
layer consists of topics of interest or genres of news that are
given as input. For each topic/genre of interest, the evidence
layer consists of news stories for the given topic. We define
two models depending on the type of sources, such that the
source layer consists of either the websites where the news
was published (“Source model”), or the reporters writing the
news story (“Author model”). To clarify, the Source model
is modeled with 〈source, evidence, claim〉 layers, while the
Author model is modeled with 〈author, evidence, claim〉 lay-
ers. As described in Sec. 4, the other parameters are set as
follows: ρ(e, c) is set based on retrieval score, normalized to

[0, 1]; ξ(w, e) = 1 uniformly; ψ(0)(e) is computed based on
user ratings; and γ(ei, ej) is set according to Eq. 6. Cluster-
ing of news articles is done using a simple mixture model as
described in Sec. 4.3.1, with k = 4.

The two models compute the veracity of news: how trust-
worthy is the news covering a particular topic of interest, or
how trustworthy a news genre is, when compared to other
news genres. It must be noted that trustworthiness in this
domain signifies if the reporting of news is unbiased and fair,
and if facts expressed in news stories are accurate with good
coverage. This notably differs from finding trustworthiness
of extracted numeric facts such as “Shakespeare was born in
1564.” or “The height of Mt. Everest is 8848 meters.”

5.2 Trusting Author lists on Online Bookstores
To show how the framework can be used to model trust-

worthiness in structured data, we present the framework
with respect to the Books dataset used by Yin et al. [24].
The dataset consists of books with four extracted fields,
viz., the source, the book title, ISBN, and the author list
as given by the source.

To instantiate a model based on this dataset, the book-
stores are the sources, and the claims are candidate lists of
authors for a particular book. The evidence layer consists
of the author lists given by a source for a particular book.
The aim is to identify the most “trusted” candidate author
list. To achieve this, the model loads the data for all books
and builds the trust network. ψ(0)(e), τ (0)(w), and ξ(w, e)
are set to 1. Content relevance and equivalence functions,
ρ(e, c) and γ(ei, ej), show similarity of lists of author names,
and can be built using person name similarity metrics [7].
In fact, by allowing the original text to appear in the model,
our framework allows a source to support multiple claims
to varying degrees, not committing to one (possibly faulty)
person name normalization. This leads to a voting strategy
that is more robust to data cleaning or extraction errors.

News Genre # Stories Avg. Rating
News Report 7, 881 3.65
Opinion 6, 611 3.69
News Analysis 2, 634 3.73
Special Report 2, 177 3.83
News 816 3.54
Editorial 634 3.73
Interview 583 3.87
Poll 301 3.73
Investigative Report 276 4.10
Review 169 3.71
Comment 141 3.67
Breaking News 124 3.66
Comedy News 114 3.75
Press Release 92 3.83
Advocacy 76 3.91
Speech 55 3.90
Statement 43 3.82
Research 34 3.96
Entertainment 17 3.39
Cartoon 12 3.74
Advertisement 3 2.43
Dramatization 2 3.48
Miscellaneous 369 3.52
Total 23, 164 3.70

Table 1: News genres in the dataset, sorted by num-
ber of stories in each genre. The average rating for
each genre is also shown.

5.3 Trusting Treatments from Health Forums
The framework can be also used in domains where relation

extraction is needed, such as in question answering over the
Web. Consider the scenario of trusting medical claims given
in health forum posts. If a known disease-treatment pair is
given as a relation query (the claim), the structured query
is used to find relevant posts (the evidence) from medical
forums and message boards (the source). The aim is to
verify if the claims expressed in health forums are trustable,
and if certain health forums are more trustable than others.

To achieve this, we can set up the framework by issuing
a relation query [20] on an index over forum posts. The
posts are rated on the sentiment expressed about the effec-
tiveness of the query treatment (the confidence in evidence,
ψ(e)). ρ(e, c) is set depending on how strongly the treat-
ment relation is expressed in the post, that is if the post
is specifically about the treatment claim or talks about the
treatment in passing. γ(ei, ej) is set based on similarity of
content between posts or grouping based on post authors.

6. EXPERIMENTS
The key research questions we want to evaluate are:

1. Does the trust framework help in identifying trustworthi-
ness of claims and the most trusted sources for a claim?
2. Does the addition of content nodes in the proposed trust
framework help users rank highly trusted evidence docu-
ments before other relevant, but not-as-trusted documents?
3. What is the effect of the evidence scoring strategy used?
Specifically, how does evidence scoring strategy affect the
overall trustworthiness of sources?
4. What is the effect of clustering articles? Specifically, does
the source trustworthiness change with news genres?

6.1 Dataset characteristics
We instantiate and evaluate the framework in the news

domain, as described in Sec. 5.1. News data was collected
from a community-driven news review website, NewsTrust1.
NewsTrust allows members to analyze news articles on var-
ious tenets of good journalism. Members can rate stories on
accuracy of facts, fairness and bias in reporting, style, depth

1http://www.newstrust.net/
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Topic (1) Health care (2) Obama administration (3) Bush administration (4) Democratic policy (5) Republican policy
Trust score 0.538 0.558 0.646 0.462 0.443

Trusted
Sources

OurFuture.org
TruthOut
PolitiFact
FactCheck
AlterNet
Media Matters
Huffington Post
New York Times
New Republic
CNN
NPR
Washington Post
Associated Press
Time
The Politico

Democracy Now
Consortium News
Common Dreams
TruthOut
Salon
FactCheck
Washington Independent
Huffington Post
Washington Post
New York Times
The Guardian
Los Angeles Times
The Hill
The Politico
Newsweek

Democracy Now
TruthOut
Consortium News
Salon
Common Dreams
McClatchy
Huffington Post
Boston Globe
Washington Post
New York Times
The Guardian
AlterNet
The Politico
Newsweek
The Hill

Common Dreams
Consortium News
Democracy Now
FAIR
Salon
New Republic
San Francisco Chronicle
FactCheck
New York Times
Washington Post
Women’s eNews
The Guardian
Wall Street Journal
American Prospect
Los Angeles Times

Consortium News
Salon
Women’s eNews
FactCheck
New Republic
Washington Post
New York Times
Wall Street Journal
Boston Globe
The Guardian
Congressional Quarterly
Huffington Post
Bloomberg
Christian Science Monitor
The Hill

Topic (6) Immigration (7) Gay rights (8) Corruption (9) Election reform (10) WikiLeaks
Trust score 0.508 0.499 0.544 0.514 0.605

Trusted
Sources

Democracy Now
AlterNet
NPR
New York Times
San Francisco Chronicle
Washington Post
Washington Independent
Huffington Post
Associated Press
The Hill
Los Angeles Times
New America Media
CNN

Washington Post
Slate
New York Times
Women’s eNews
Mother Jones
Los Angeles Times
Salon
Huffington Post
San Francisco Chronicle
Media Matters
Washington Independent
Associated Press
The Politico

Democracy Now
Consortium News
TruthOut
Seattle Times
Common Dreams
Talking Points Memo
Inter Press Service
Huffington Post
Washington Post
Salon
New York Times
Wall Street Journal
Mother Jones

TruthOut
Consortium News
Huffington Post
Journalism.org
AlterNet
New York Times
Washington Post
Los Angeles Times
Congressional Quarterly
Washington Independent
Think Progress
The Politico
Associated Press

Democracy Now
AlterNet
McClatchy
The Nation
New York Times
Salon
Wired
Christian Science Monitor
The Guardian
Economist
New Republic
Reuters
Pajamas Media

Table 2: Variation of most trusted sources and overall trust score for various politics news topics. For each
topic, only sources that contribute at least 10 articles for that topic are shown.

of coverage, attribution of quotes to sources, and other qual-
itative aspects of news. In addition, other popularity-based
factors such as viewing, sharing, “liking”, and discussing a
story are recorded. NewsTrust combines these ratings from
multiple reviewers and assigns an overall score to each story.
The scores are in the range of [1, 5] and are considered as
“gold-standard” during evaluation. Further analysis showed
that the scores were biased towards higher values (i.e., news
stories were generally rated as trustworthy) and they fol-
lowed a Gaussian distribution with mean 3.7 and standard
deviation 0.59.

We crawled all the stories under “Politics” section from
the NewsTrust website in October 2010, and identified the
source (website), author, and genre for the news story. In
total, we collected 24, 388 stories from 23 news genres. After
removing stories for which no reviews were posted, we had
a set of 23, 164 stories. Table 1 gives the distribution of
number of stories and average rating per genre. Each story
belongs to one genre, and is written by one or more authors
and is posted on one or more websites, based on the authors’
affiliations. In all, we had 8, 603 unique authors and 1, 960
unique sources in the dataset. We built a search index over
the news stories using the Lemur toolkit2.

In the collected dataset, since a news story might link
to multiple sources (multiple reporters working on a story,
say), we could not directly treat each story as evidence when
instantiating our trust framework. Instead, we duplicated
the news stories such that each story links to exactly one
source. Further, these duplicates were tied together with
inter-evidence similarity, γ(ei, ej) = 1. As we observed that
the scores followed a Gaussian distribution, with μ = 3.7 and
σ = 0.59, we normalized the scores to the range [0, 1] using a
probabilistic interpretation of cumulative distribution func-
tion of the Gaussian distribution. Stating mathematically,
if D is a data corpus and x is the original score, the new
score ex is given by ex = Pr(score(d) < x | d ∈ D).

2http://www.lemurproject.org/

# Topic Retrieval Two-stage model Our model
1 Health care 0.886 0.895 0.932
2 Obama administration 0.852 0.876 0.927
3 Bush administration 0.931 0.921 0.971
4 Democratic policy 0.894 0.769 0.922
5 Republican policy 0.774 0.848 0.936
6 Immigration 0.820 0.952 0.983
7 Gay rights 0.832 0.864 0.807
8 Corruption 0.874 0.841 0.941
9 Election reform 0.864 0.889 0.908
10 WikiLeaks 0.886 0.860 0.825

Average 0.861 0.869 0.915

Table 3: NDCG values for ten news topics in pol-
itics. The improvement of the ranking using our
Trust model is significant at p = 0.05 using Wilcoxon’s
signed rank test, over both the Retrieval and Two-
stage model runs.

6.2 Evaluating veracity of claims
We first verify if the framework can be used to judge if the

claim is trustworthy or not. To evaluate this, we collected a
set of ten political news topics and retrieved evidence docu-
ments for these topics from the dataset. Then, we initialized
the Source model with these pieces of evidence, and ran the
model to rate the trustworthiness of the claim topics.

Table 2 shows the overall trust score and top trusted
sources for each political topic. We see that, according to the
model, the news coverage of topics such as “Bush adminis-
tration”and“WikiLeaks”are fairly trustworthy. In contrast,
coverage on “Republican policy” and “Democratic policy” is
not as trustworthy. It is also interesting to see that although
the coverage of current and past presidential administration
is fairly trustworthy overall, the articles on“Obama adminis-
tration” are significantly less trustworthy than the coverage
of “Bush administration”. For most topics, fact verifying
websites such as PolitiFact and FactCheck are among the
top trusted sources.

6.3 Evaluating ranking of evidence documents
To quantitatively evaluate performance, we measure how

well the proposed news trust model ranks documents on
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Retrieval Two-stage model Our Trust model Ideal
The Politico 3.28
Wash. Indep. 3.30
Huff. Post 3.38
AP 3.97
NYT 3.97

AlterNet 3.95
NYT 3.97
Wash. Post 3.38
LA Times 3.66
Wash. Indep. 3.30

Dem. Now 3.97
AlterNet 3.95
NPR 4.14
NYT 3.97
SFO Chron. 3.73

NPR 4.14
Dem. Now 3.97
NYT 3.97
AP 3.97
AlterNet 3.95

Table 4: Top five results for a sample topic, “Im-
migration”, for Retrieval, Two-stage model, our pro-
posed Trust model, and Ideal runs. Instead of docID,
the document source is shown, along with the trust
score. Some names have been abbreviated.

trustworthiness. Consider a use-case scenario where a user
searches for a topic. Ideally, we would want to show more
trusted documents higher in the ranked list. Traditional
search algorithms rank documents on relevance rather than
trustworthiness. When the user searches for news on a par-
ticular topic, a ranked list of relevant news stories is re-
trieved. Let us call this the Retrieval run. Using the trust
model we learned, we can rerank these documents based on
the trustworthiness of the source, to obtained a new docu-
ment ranking (the Trust model run). We also rerank these
document using an instantiation that mimics existing two-
layer trust models (the Two-stage model run). Note that
in the Two-stage model run, the graph structure is similar
to that of the Trust model, except that all pieces of evi-
dence get uniform weight and are not allowed to change
across iterations. Using the gold-standard document scores
as weights, we compute the normalized discounted cumula-
tive gain (NDCG) measure for all three runs. NDCG [14],
a ranking performance measure, computes the ratio of dis-
counted cumulative gain of a run (where the weight of a
relevant document is discounted by its rank) to the ideal dis-
counted cumulative gain (assuming documents are ranked in
decreasing order of their weights). NDCG values are in [0, 1]
and higher numbers are preferred.

Table 3 shows the NDCG values for ten news topics in
politics. We see that the Trust model run has the highest
NDCG value for eight of the ten topics. The improvement
is statistically significant at p = 0.05 level using Wilcoxon’s
signed rank test, compared to both the Retrieval run and
the Two-stage model run. Table 4 shows a sample com-
parison of ranking in the Retrieval, Two-stage model, Trust
model, and ideal runs for the topic “Immigration”. For each
run, the source name of the document and the document’s
rating is shown. We see that the Trust model based rank-
ing is significantly better than ranking based on either the
Retrieval run or the Two-stage model, and has ranked docu-
ments from more trusted sources higher. It is not surprising
that our method outperforms the Retrieval run as the latter
doesn’t model trustworthiness. However, the fact that our
method also outperforms the Two-stage model significantly
shows that incorporating content information into the trust
framework is beneficial.

6.4 Effect of varying evidence scoring scheme
In prior research on trust models, the trustworthiness of

claims is based on trustworthiness of sources, and the links
between sources and claims are assumed to be ideal (com-
pletely trustworthy). In contrast, we propose a framework
where the links (representing evidence for a claim from a
source) are assumed to have a non-uniform trust rating.

To evaluate the effect of using evidence-based scoring, we

Voting (Popularity) Average rating Our Trust model
News Report
Opinion
News Analysis
Special Report
News
Editorial
Interview
Poll
Investigative Report
Review

Investigative Report
Research
Advocacy
Speech
Interview
Press Release
Special Report
Statement
Comedy News
Cartoon

Speech
Investigative Report
Interview
Press Release
Poll
Statement
Opinion
Research
Comedy News
Review

Table 5: Top ten news genres based on different
scoring schemes, viz. (i) voting (popularity), (ii) av-
erage rating, and (iii) our trust model.

set up two model variants – one in which all pieces of evi-
dence have a uniform score (of 1.0), while in the other, the
scores are based on the trust scores based on reviews given
by users of NewsTrust. The former corresponds to previous
fact-finding models, such as TruthFinder [24] and Sums [19],
where the evidence layer is essentially ignored.

Table 6(a) shows the effect of variation of evidence scor-
ing scheme for the Source model. The first column shows
the results when all pieces of evidence get the same weight
and the sources are ranked by popularity. The second col-
umn shows results when pieces of evidence get non-uniform
scores, but the sources are ranked on the average of trust-
rating score of pieces of evidence from the source (without
using the trust framework). The third column shows how
the ranking varies when the trust rating is used to score
evidence artifacts in the Source model and the model is let
to iterate. We observe that when the model is allowed to
converge3, more well-known sources tend to come up higher
in the ranked list and relatively unknown sources that have
few, but trusted, stories are pushed further down the list.

Unfortunately, we do not have gold labeling of true trust-
worthiness of sources to give a complete quantitative evalu-
ation. Instead, we found the results of a 2010 poll [2] that
asked participants which TV news sources are “mostly fair”
(as compared to “liberal” or “conservative”). Based on this
partial ranking, we find that our trust framework gives a
Kendall’s rank correlation measure4, τ = 0.714 when com-
pared to the “ideal” ranking given by user polls, better than
using voting or average rating (τ = 0.143 for both).

Table 6(b) shows the results for a similar setup for the
Author model and we see that the top results from the Au-
thor model (column 3) are all award-winning investigative
reporters, unlike in the other two variants.

6.5 Effect of trust scores on news genres
We now try to understand how the proposed framework

using trust-based evidence scores affects the rating of news
genres in general. We use the Source model to rate news gen-
res based on trustworthiness of news articles in that genre.

3Empirically, the model converges in 3–5 iterations.
4Kendall’s rank correlation measure [16] compares two
ranked lists, L1 and L2, by computing the following:

Kendall’s τ =
#(concordant pairs) - #(discordant pairs)

#(total pairs) =
`

n
2

´
where a pair of entries (o1, o2) are said to be concordant if
o1 appears either before or after o2 in both lists L1 and L2,
and is called a discordant pair if the order of the pair (o1, o2)
is reversed from L1 to L2. The value of τ ranges from −1 for
reversed lists (fully discordant) to +1 for concordant lists.
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(a) Top News Sources (using Source model) (b) Top News Reporters (using Author model)
Voting (Popularity) Average rating Our Trust model Voting (Popularity) Average rating Our Trust model

New York Times
Washington Post
Huffington Post
Associated Press
Los Angeles Times
The Politico
Wall Street Journal
AlterNet
Democracy Now
Salon
TruthOut
Seattle Post Intelligencer
The Guardian
Consortium News
Reuters
The Nation
CNN
McClatchy
Newsweek

3BlueDudes
Democracy Now
Consortium News
Media Matters
TruthOut
Common Dreams
The Nation
FactCheck
AlterNet
Salon
Seattle Post Intelligencer
New Yorker
Mother Jones
McClatchy
Huffington Post
The Guardian
Seattle Times
New York Times
Washington Post

ABC News
CNN
Wall Street Journal
Reuters
Associated Press
San Francisco Chronicle
The Hill
Newsweek
Seattle Times
Seattle Post Intelligencer
The Politico
Huffington Post
MSNBC
Atlantic Monthly
BBC News
NPR
The Independent
New Republic
Time

Amy Goodman
Glenn Greenwald
Paul Krugman
Robert Parry
Sam Stein
Juan Gonzalez
Jonathan Weisman
Dan Balz
Jason Leopold
Shailagh Murray
Adam Nagourney
Dan Eggen
Paul Kane
Peter Baker
Michael D. Shear
Jeff Zeleny
Frank Rich
Jon Stewart
Ed Morrissey

Jim Hightower
Sharif Abdel Kouddous
Juan Gonzalez
Ray McGovern
Robert Parry
Amy Goodman
Jason Leopold
Glenn Greenwald
Bill Moyers
Greg Palast
Paul Krugman
Scott Horton
Matt Taibbi
Robert Reich
Lori Robertson
Frank Rich
Michael Winship
David Sirota
Dan Froomkin

Juan Gonzalez
Robert Parry
Amy Goodman
Jason Leopold
Glenn Greenwald
Paul Krugman
Frank Rich
Dan Froomkin
John Nichols
Jon Stewart
Paul Kane
Dan Eggen
Juliet Eilperin
Michael D. Shear
Arianna Huffington
Sam Stein
Peter Baker
Jason Linkins
Shailagh Murray

Table 6: Top news sources and reporters as computed by three scoring schemes, viz., (i) voting (popularity),
(ii) average rating, and (iii) our Trust model with evidence influence; after filtering out sources with less than
100 (or reporters with less than 30) stories each in the dataset.

Overall News Report Opinion News Analysis Special Report Editorial Interview
ABC News
CNN
Wall Street Journal
Reuters
Associated Press
San Francisco Chronicle

Washington Times
ABC News
Seattle Post Intelligencer
Agence France-Presse
CBS News
San Francisco Chronicle

Weekly Standard
The Moderate Voice
Think Progress
Wall Street Journal
Daily Kos
Op Ed News

Associated Press
Wall Street Journal
Los Angeles Times
Huffington Post
AlterNet
Time

Newsweek
The Politico
Associated Press
Los Angeles Times
New York Times
Washington Post

Wall Street Journal
Economist
The Nation
Washington Post
Seattle Post Intelligencer
New York Times

Huffington Post
Washington Post
PBS
Bill Moyers Journal
MSNBC
Democracy Now

Table 7: Variation of most trusted sources for different genres of news. For each genre, only sources that
contribute at least 30 articles for that genre are included in the analysis.

We varied the scoring scheme, similar to those explained in
Sec. 6.4, and Table 5 summarizes the findings.

We see that although “News Report” and “Opinion” are
the most popular news genres, the stories in those genres
do not tend to be highly trustworthy, and are not in top
10 news genres based on average rating of news stories. In
contrast, “Investigative Reports” and “Press Releases” are
more trustworthy genres. It was interesting to observe that
“News Analysis” rates quite poorly, even lower than “Com-
edy News” in the ratings given by NewsTrust members and
in our trust model results.

6.6 Effect of genre on source trustworthiness
Next, we wanted to analyze if the trusted sources tend

to remain the same or vary across genres. Do some news
sources specialize in specific genres and are more trusted
than others for these specific genres? We compared the top
news sources for different genres of news to study the pattern
and Table 7 summarizes the results for six genres.

We find that the top-ranked sources per genre vary sig-
nificantly across genres. For example, in the “Interview”
genre, PBS and Bill Moyers Journal that specialize in this
genre are rated high on trust scores. Similarly, Wall Street
Journal and Economist are most trusted in the “Editorial”
genre, while they do not occur in top trusted sources for
“News Report” and “Special Report” genres. Interestingly,
for the “Opinion” genre, the most trusted sources are pri-
marily online news magazines and blogs.

7. RELATED WORK
In recent years, researchers have worked on different no-

tions of trust for specific scenarios. Similar to the work on
trust models introduced earlier, most of the research has
focused on structured domain. Dong et al. [9, 10] propose
models to detect copying of information and aggregate in-

formation from multiple sources to detect true value of a
data item. Wu and Marian [23] find most suitable numeric
answers by corroborating evidence from multiple sources. In
contrast, our work proposes a general framework that uses
content to estimate trustworthiness of claims, and can be
extended to find most suitable answer (claim) by comparing
claim trustworthiness as a post-processing step. In other
works, Gallard et al. [11] incorporate the “hardness” of facts
in the trust model, such that knowing easy facts earns less
trust than knowing hard facts. WikiTrust [4] measures trust-
worthiness of Wikipedia pages based on revision history.

There has been some work in measuring quality of text in
community-generated data. Shah and Pomerantz [21] mea-
sure the“quality”of answers in community QA setting using
machine learning approaches. The definition of quality is,
however, akin to popularity rather than trust. Su et al. [22]
try to detect trustworthiness of community QA in terms of
textual and linguistic features alone.

Formulating trust frameworks as iterative algorithms is
not new. Search engines learn“quality”of a website based on
reputation-based models such as PageRank [6] and HITS [17]
using similar computation on the Web graph. In HITS, for
instance, each website has a hub score and an authority
score. The hub score of a webpage is computed using the
authority scores of neighboring pages, and vice versa. Topic-
specific extensions have been proposed to compute PageR-
ank over websites per topic [12].

Researchers in other fields, including social scientists, have
studied the theoretical and social aspects of trust. Lankes [18]
studied how the advent of Internet has shifted the user’s
perception of credibility from authoritative figures, such as
librarians, to reliable entities, such as Web search engines.
Kelton et al. [15] developed principles of trust by integrat-
ing behavioral and social science studies and research on
information quality. Our work proposes a computational
framework to facilitate such an integration.
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8. CONCLUSION AND FUTURE WORK
In this paper, we proposed a content-driven trust compu-

tation framework that incorporates the quality of evidence
content to compute the trustworthiness of sources and de-
termine the veracity of free-text claims. We instantiated the
framework in the news domain using human ratings as su-
pervision for determining quality of evidence. We showed
that incorporating evidence into the trust computation not
only allows modeling trustworthiness in unstructured do-
main, but also improves the performance of the framework
to find trustworthy sources. Reranking news articles based
on trustworthiness computed by the proposed framework
shows statistically significant improvement over retrieval-
based ranking that ignores trustworthiness of sources and
over trust models that ignore variation in evidence quality.

The current instantiation of the framework utilizes weak
supervision at the evidence level in the form of human judg-
ment on the trustworthiness of news articles. However, such
supervision may not be available in other domains or for all
news articles. In future, we plan to learn the weights in a su-
pervised setting. We also plan to apply the trust framework
on other domains with claims in any free-text sentence form,
and use linguistic resources to compute content similarity.
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