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Remembering 2005 …



Top Movie



Top TV



Recommender Systems (c. 2005) 

(Single-Shot ) Collaborative vs Content

Relevance & Accuracy vs Diversity & Novelty

Movies, Books, Music (Atomic Items)









The Rise of the Social Web
Friendster (2002), Facebook 

(2004), MySpace (2005)

The Promise of the Social Graph

Similarity vs Relationship

Trust & Reputation



Trust me I’m a Recommender
User Similarity ~ Ratings Correlations


Is Similarity Sufficient?


Trust, Reputation, Expertise



Modeling Trust
Consider two types of users in a 
recommendation session. 

Producer 
Users (profiles) selected to participate in 
the recommendation session.


Consumer 
The user profile that is receiving the item 
rating from the producer profiles.
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Correct Predictions
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We say that a ratings prediction for an item, i, by a producer p 
for a consumer c, is correct if the predicted rating, p(i), is 

within ε of c’s actual rating c(i)



Calculating Trust Scores from Ratings Data
To evaluate the correctness of 
p’s recommendation we 
separately perform 
recommendation by using p as 
c’s sole recommendation partner. 

We say a trust score for item i1 is 
generated for producer b by 
using the information in profile b 
only to generate predictions for 
each consumer profile. 



Binary Trust Scores
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The trust score for producer p is simply whether or not the 
prediction for item i is correct. 



Basic Trust Metrics
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RecSet is the set of recommendations that a producer p has participated in ... that 
is the consumer-item pairs for which ratings have been generated.

The CorrectSet is the subset of these for which correct predictions have been 
generated (as per above).



Profile Level Trust
The percentage of overall recommendations that the producer has 
correctly contributed.


Coarse-grained trust metric; some users may be better at making 
predictions for certain types of items which will not be captured by 
this profile-level metric.
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Item-Level Trust
The percentage of p’s recommendations for item i that have proven 
to be correct.


For example, if user p has been involved in 20 recommendation 
sessions for item i and only 5 of these have been correct, then p’s 
item-level trust will be 0.25.
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Adding Trust to 
Recommendation



Trust-Based Weighting
The basic idea with trust-based weighting is to combine 
the trust and similarity at prediction time.
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Standard Resnick Prediction

New weighting  
formula combining conventional  
similarity and trust. 

(harmonic mean)



Trust-based Filtering
Alternatively …


… eliminate untrustworthy 
neighbours from 
consideration at 
prediction time.


Only consider users  
with a trust score > T.
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Evaluation
(MovieLens)



Recommendation Strategies
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Standard CF (Resnick)

Profile Level Trust Item Level Trust
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MAE Results
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Google Scholar Citations



• Context-dependent

• Subjective

• Dynamic 

A few things about trust…
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Trust-aware Recommender Systems (Massa 2007)

subjective opinions of each user but average them across
standardized global values. PageRank [9], for example, is a
global trust metric.

In the next section we will see how trust metrics can play
a role in the context of Recommender Systems, essentially
we propose them for replacing or integrating the users’ sim-
ilarity assessment of step 1.

3.2 Architecture of TaRS
In this section we present the architecture of our pro-

posed solution: Trust-aware Recommender Systems. Fig-
ure 1 shows the different modules (black boxes) as well as
input and output matrices of each of them (white boxes).
There are two input information: the trust matrix (repre-
senting all the community trust statements) and the ratings
matrix (representing all the ratings given by users to items).
The output is a matrix of predicted ratings that users would
assign to items. The difference with respect to traditional
CF systems is the additional input matrix of trust state-
ments. The two logical steps of CF remain the same. The
first step finds neighbours and the second step predicts rat-
ings based on a weighted sum of the ratings given by neigh-
bours to items. The key difference is in how neighbours are
identified and how their weights are computed. The weight
wa,i in Equation 1 can be derived from the user similarity
assessment (as in traditional CF) or with the use of a trust
metric. In fact in our proposed architecture for the first
step there are two possible modules able to produce these
weights: Trust Metric module or Similarity Metric mod-
ule. They produce respectively the Estimated Trust matrix
and the User Similarity matrix: in both, row i contains the
neighbours of user i and the cell of column j represents a
weight in [0, 1] about how much user j is relevant for user
i (trustable or similar). This is the weight wa,i in Equa-
tion 1 and represents how much ratings by user i should be
taken into account when predicting ratings for user a (second
step). A more detailed explanation of the architecture can
be found in [5]. In Section 4 we are going to present experi-
ments we have run with different instantiations of the differ-
ent modules. For the Trust Metric module we have tested
a local and a global trust metric. As local trust metric we
have chosen MoleTrust [6], a depth-first graph walking algo-
rithm with a tunable trust propagation horizon that allows
us to control the distance to which trust is propagated. As
global trust metric we have chosen PageRank [9], probably
the most used global trust metric. For the Similarity Metric
module we have chosen the Pearson Correlation Coefficient
since it is the one that is reported to be performed best
in [1]. About the Rating Predictor module (second step),
we experimented with selecting only weights from the Esti-
mated Trust matrix or the User Similarity matrix and with
combining them. For comparison purposes, we have also run
simple and baseline algorithms that we will describe in next
section.

Now we briefly comment on how our proposal alleviates
the before mentioned weaknesses. Due to the propagation
of trust over the social network it is possible to compute the
trust weight in more users than if user similarity was used
and hence the problem of data sparsity is reduced. This is
especially evident on cold start users. In fact, users with
just one expressed trust statement can benefit from ratings
provided by trusted users, and users trusted by them, and
accordingly recommendations are computable even if they

Figure 1: Trust-Aware Recommender System Ar-
chitecture.

have provided very few ratings. Just providing a trust state-
ment is hence an effective way of bootstrapping RSs for new
users. While neighbours chosen according to the similarity
computed on few overlapping ratings might be not the best
predictors, this is not the case with users explicitly indicated
as trusted by the active user. Attacks are addressed by a
trust-aware technique given that the fake identities used for
the attacks are not trusted explicitly by the active users (and
by the users she trusts). Thus the ratings they have intro-
duced in order to game the system are not considered and
do not affect the recommendations generated for the active
user. A more detailed description of weaknesses and how
Trust-aware RSs alleviates them is in [5].

3.3 Related work
There have been some proposals to use trust information

in the context of Recommender Systems. We report here
the most significant ones.

In a paper titled “Trust in recommender systems” [7],
O’Donovan and Smyth propose algorithms for computing
Profile Level Trust and Item Level Trust. Profile Level Trust
is the percentage of correct recommendations that this pro-
ducer has contributed. Item level trust is a profile level trust
that depends on a specific item. As also reviewers note, this
quantity represents more a “competence” measure and in
fact reflects a sort of global similarity value. While in their
work trust values are derived from ratings (of the Movie-
lens dataset), in our proposal trust statements are explicitly
expressed by users.

The PhD thesis of Ziegler [11] concentrates on RSs from
different points of research. About the integration of trust,
he proposes a solution very similar to ours, i.e neighbours
formation by means of trust network analysis. He has de-
signed a local trust metric, Appleseed [11], that computes
the top-M nearest trust neighbours for every user. He has
evaluated algorithms against a dataset derived from All-
Consuming (http://allconsuming.net), a community of 3400
book readers, with 9300 ratings and 4300 trust statements.
Only positive trust statements are available. Ziegler found
that hybrid approaches (using taxonomies of books and hence
based on content-based features of books) outperforms the
trust-based one which outperforms purely content-based one.
Performances on users who provided fewer than five ratings
were not studied.

Golbeck’s PhD thesis [2] focus on trust in web-based social
networks, how it can be computed, and how it can be used in
applications. She deployed an online Recommender System,
FilmTrust (http://trust.mindswap.org/filmTrust/) in which
users can rate films and write reviews and they can also ex-
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Figure 2: MAE on cold start users for some repre-
sentative algorithms.

ings coverage of TrustAll which considers every user who
provided a rating. The downside of this is that the error in-
creases as well. For example, on cold start users, the MAUE
is 0.674 for MT1, 0.820 for MT2 and 0.854 for MT3. These
results say that by propagating trust it is possible to increase
the coverage (generate more recommendations) but that it
also considers users who are worse predictors for the current
user so that the prediction error increases as well. The trust
propagation horizon basically represents a tradeoff between
accuracy and coverage.

4.3.5 Global Trust Metrics not appropriate for
Recommender Systems

An additional experiment we performed is about testing
the performance of global Trust Metrics as algorithms for
predicting the trust score of unknown users. A global trust
metric predicts for every user the same trust scores in other
users. This technique, like TrustAll, is hence not personal-
ized. We have chosen to run PageRank [9] as global trust
metric and to normalize the output value in [0,1]. We call
the Recommender System that uses PageRank for its Trust
Metric module, PR. PR performs similarly to TrustAll, even
slightly worse (MAE of 0.847 and 0.821 respectively). This
means that a global Trust Metric is not suited for a Rec-
ommender System whose task is to leverage individual dif-
ferent opinions and not to merge all of them into a global
average. We also tried to restrict the neighbours to just
the first 100 users as ranked by PageRank but this algo-
rithm (called PR100 ) while of course reducing the coverage,
reports even larger errors (MAE of 0.973). The reason be-
hind these bad performances is that globally trusted users
(as found by PageRank) tend to be peculiar in their rating
patterns and provide more varied ratings so that averaging
them generates larger errors. Summarizing we can say that
global trust metrics are not suited in the task to find good
neighbours, especially because the task of RSs is to provide
personalized recommendations while global trust metrics are
unpersonalized.

4.3.6 Combining Estimated Trust and User
Similarity

In the architecture of Trust-aware Recommender Systems
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Figure 3: Ratings coverage on cold start users for
some representative algorithms.

(Figure 1), the“rating predictor”module takes as input both
the Estimated Trust matrix and the User Similarity matrix.
The idea is that the weight of a neighbour used in Equation 1
can be derived both from the user similarity value computed
by the Similarity Metric (Pearson Correlation Coefficient in
our case) and the predicted trust value computed by a Trust
Metric. We have already commented on the number of users
for which it is possible to compute a similarity weight or a
predicted trust in previous subsection [5]. However in order
to devise a way of combining these two matrices, it is in-
teresting to analyze how much they overlap. As previously
reported, the number of users reachable in one step (the
ones used by MT1) are on average 9.88 and the number of
users in which a user similarity coefficient is computable are
on average 160.73. The two matrix rows overlap only on
1.91 users on average, that is only for 1.91 users we have
both a predicted trust and a user similarity. The number of
users reachable propadating trust up to distance 2 is 399.89.
Comparing it again with the number of users in which a simi-
larity coefficient is computable (160.73), the average number
of users present in both lists is 28.84. These numbers show
how Pearson Correlation coefficient and MoleTrust address
different portions of the user base in which they are able to
compute a weight. So, in order to combine these weights, we
tested the simple technique of computing a weighted average
when there are two weights available and, in case only one
is available, of using that. We call this technique CF+MTx :
for example the systems that combine CF and MT1 is called
CF+MT1. The results are not very good. When comparing
CF+MT1 with CF and MT1 for example, we see that the
coverage is greater than the coverage of the two techniques.
This is of course the expected situation since CF+MT1 con-
siders both the users in which it is possible to predict a trust
score (as MT1 does) and the users in which it is possible to
compute a user similarity (as CF does). However the error
of CF+MTx is in general in between of CF and MTx, that is
worse than MTx and better than CF. The problem is that,
as we reported earlier, CF is almost always not able to find
good neighbours and hence making an average of the users
who are similar and of the users that are trusted produces
worse results that just considering trusted users. Since tech-
niques that used only trust were superior in previous tests
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FilmTrust (Golbeck & Hendler, ’05, ’06, ‘07)

Other work has touched on trust in recommender systems, including [9] and 

[10]. These works address the use of trust within systems where the set of 

commonly rated items between users is sparse. That situation leads to a 

breakdown in correlation-based recommender system algorithms, and their 

work explores how incorporating even simple binary trust relationships can 

increase the coverage and thus the number of recommendations that can be 

made. 

3.  Experimental Platform: The FilmTrust Website 

The FilmTrust system, at http://trust.mindswap.org/FilmTrust,  is a website 

that combines a web-based social network and a movie rating and review 

system. It's membership forms the basis for our investigation. 

 

  

Figure 1. A user's view of the page for "A Clockwork Orange," where the 

recommended rating matches the user's rating, even though the average is quite 

different. 

3.1  Social Networking with FilmTrust 

The social networking component of the website allows users to maintain a 

list of friends who are also in the network. Our system requires users to 

provide a trust rating for each person they add as a friend. When creating a 

trust rating on the site, users are advised to rate how much they trust their 

We are interested in knowing if the trust-based movie ratings offer a benefit 

to the users, and if so, in what instances. To check this, we used the data 

users have entered into the FilmTrust system. 

4.1  Experimental Setup and Design 

 

The FilmTrust user base was used as the foundation for our experiments. 

When joining the network, members were informed that their participation 

was part of a research project, and they consented to allow their data to be 

used within experiments. The system has just over 500 members.  

 

Members were invited by friends who were already members and also found 

out about the website from postings in movie related forums. There is a 

strong Semantic Web component to the website (social network and movie 

information is all published in RDF), so members were frequently recruited 

from this circle of interest. Subjects ranged in age from 14 to 79, with an 

average age of 32.  Subjects were 29% female and 71% male.  

 

 

  

Figure 2. A visualization of the FilmTrust social network 

 



Gradual Trust and Distrust in Recommender 
Systems (Victor et al. 2009)
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Table 1
Trust Models, State of the Art

trust only trust and distrust

probabilistic

Kamvar et al. [14]

Jøsang et al. [13]Richardson et al. [21]

Zaihrayeu et al. [27]

gradual

Abdul-Rahman et al. [1]

Falcone et al. [17]

Almenárez et al. [2] De Cock et al. [7]

Tang et al. [25] Guha et al. [12]

Golbeck [11]

Massa et al. [15]

trust on the semantic web is proposed, or in contributions like Kamvar et al.’s
Eigentrust algorithm [14] that focus on peer-to-peer (P2P) networks, or Za-
ihrayeu et al.’s question answering system IWTrust [27]. In such a setting, a
higher suggested trust value corresponds to a higher probability that an agent
can be trusted.

On the other hand, a gradual approach is concerned with the estimation of
trust values when the outcome of an action can be positive to some extent,
e.g. when provided information can be right or wrong to some degree, as op-
posed to being either right or wrong (e.g. [1,2,7,11,12,15,25]). Note that in
real life, too, trust is often interpreted as a gradual phenomenon: humans do
not merely reason in terms of ‘trusting’ and ‘not trusting’, but rather trust-
ing someone ‘very much’ or ‘more or less’. Fuzzy logic is very well-suited to
represent such natural language labels which represent vague intervals rather
than exact values. The last years witnessed a rapid increase of gradual trust
approaches, ranging from socio-cognitive models (e.g. implemented by fuzzy
cognitive maps in [17]), over management mechanisms for selecting good in-
teraction partners on the web [25] or for pervasive computing environments
(Almenárez et al.’s PTM [2]), to RS models [11,15] and general models for
virtual communities [1,12].

Large agent networks without a central authority typically face ignorance and
inconsistency problems. Indeed, it is unlikely that all agents know each other,
and different agents might provide contradictory information. Both ignorance
and inconsistency can have an important impact on the trust estimation.
Models that only take into account trust (e.g. [1,2,14,15,27]), either with a
probabilistic or a gradual interpretation, are not fully equipped to deal with
trust issues in large networks where many agents do not know each other: in
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Fig. 4. Trust score space BL!

“shortage of evidence”, x1 + x2 < 1 (incomplete information), to an “excess
of evidence”, viz. x1 + x2 > 1 (inconsistent or contradictory information). In
the extreme cases, there is no information available: (0, 0); or there is evidence
that says that the agent is to be trusted fully as well as evidence that states
that the agent is completely unreliable: (1, 1). Note that in this state, maximal
knowledge occurs, while optimal knowledge occurs when the trust and distrust
degree sum up to 1 (e.g. in the complete trust state).

The available trust information is modeled as a BL!-fuzzy relation in the set
of agents that associates a score drawn from the trust score space with each
ordered pair of agents. It should be thought of as a snapshot taken at a certain
moment since trust scores can be updated.

Definition 3 (Trust Network) A trust network is a couple (A,R) such that
A is a set of agents and R is an A× A → [0, 1]2 mapping. For every a and b
in A, we write

R(a, b) =
!

R+(a, b), R−(a, b)
"

• R(a, b) is called the trust score of a in b.
• R+(a, b) is called the trust degree of a in b.
• R−(a, b) is called the distrust degree of a in b.

The following examples reveal some important shortcomings of current trust
models which are alleviated by our bilattice model. Without harming general-
ity, and to emphasize that trust is always dependent on a specific goal, task, or
application, we focus on one kind of RSs, namely a movie recommender. The
first example illustrates the need for models working with trust and distrust.

Example 1 (Ignorance without provenance) Agent a wants to know if
he should see a particular movie. Agents c and d have seen the movie, but a
does not know them personally. So, in order to establish an opinion about c
and d, a calls upon b for trust opinions on these agents. Agent b completely
distrusts c when it comes to movies, hence b trusts c to degree 0 in the range
[0,1], where 0 is full absence of trust and 1 full presence of trust. On the other

10



Sequence-based Trust in Recommender 
Systems (Liu et al. 2011)

sequence-based trust metric considering time factor is
defined as in Eq. (13)

TTF
c;p ¼

P
d

tcj
k;c in SD

c

P
d

tpi
k;p in SD

p

ð1#ð9P̂
p;tpi

c;dk
#r

tcj

c;dk
9=MÞÞ % TF

p;tpi

c;tcj

P
d

tcj
k;c in SD

c

P
d

tpi
k;p in SD

p

TF
p;tpi

c;tcj

;

ð13Þ

where P̂
p;tpi

c;dk
is the target user c’s predicted rating on a

document dk, which is derived from a recommender p’s

rating on dk at time tpi according to Eq. (10); r
tcj

c;dk
is the

target user c’s actual rating on document dk accessed at
time tcj; SD

c and SD
p are the document sequences of the

target user c and recommender p respectively; M is the
range of the rating score, which equals the difference of
the maximum and minimum rating scores.

In addition, any one document may appear in the user’s
document sequence several times. A user may give differ-
ent ratings to the same document accessed at different
time, because his/her information demand may vary over
time. Fig. 2 shows an example for deriving the time factor.
Up is a recommender and Uc is a target user. Both of them
have average rating with a score of three. Note that Up is
trustworthy if s/he has a similar view (ratings) to Uc on
identical documents at recent time index of their document
sequences. Doc1, Doc4 and Doc5 exist in both sequences.
We use Up’s opinion to predict Uc’s score. According to
Eq. (13), we compute the weighted average on all co-rated
items, and then we obtain the trust value 0.8217 consider-
ing the time factor.

4.2. Sequence-based trust with document similarity

In this section, we consider the ratings of similar docu-
ments to derive a sequence-based trust computation model.
Even though two users do not access the same documents,
their ratings of different documents with similar contents
should also help to derive the trustworthiness of users.

There are two possible approaches to derive item
(document) similarity: content-based, and rating-based
approaches. The content-based approach uses cosine

similarity to derive the similarity of documents based on
their document profiles, which are represented as term
vectors by the tf–idf approach (Baeza-Yates and Ribeiro-
Neto, 1999). The rating-based approach derives item
similarity based on item ratings. The adjusted cosine
similarity can be used to determine the similarity between
two items, i and j, according to their ratings of common
users, i.e., those users who have rated both items i and j
(Sarwar et al., 2001). Two items are considered similar if
their common users generally have similar tastes (ratings)
concerning them.
In this work, we use a content-based approach to derive

item (document) similarity since we focus on recommend-
ing documents to fulfill users’ various information needs
over time. For items such as documents with rich content
descriptions, it is intuitive to use the content-based
approach to derive the item similarity. Previous researches
have also shown the effectiveness of using content-based
approaches to boost the recommendation quality of con-
ventional CF methods (Melville et al., 2002). Thus, we
adopt the content-based approach to derive the document
similarity for building our sequence-based trust models.
The rationale for using content-based similarity is that the
trust still exists if users have similar views on documents
with similar contents. We note that conventional trust-
based CF methods did not consider item similarity in
computing their trust models. In this work, we have used
content-based similarity to enhance the effectiveness of
trust models by computing the trust degrees based not only
on the same items, but on similar items as well.
Eq. (11) derives the pure trust value of a prediction for

an identical document without considering the document
similarity. Eq. (14) is used to predict a trust value based on
documents with similar contents. Let TDS

c;p be the sequence-
based trust metric considering document similarity. The
target user c accessed document dk at time tcj and
recommender p accessed document dl at time tpi, where
documents dk and dl have similar contents.DSp;dl

c;dk
denotes

the document similarity between documents dk and dl that
is derived by use of the cosine similarity

TDS
c;p ¼

P
d

tcj
k;c

in SD
c

P
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tpi
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where P̂
p;tpi ;dl

c;dk
is the target user c’s predicted rating of a

document dk, which is derived from a recommender p’s
rating of a similar document dl at time tpi, as defined
similarly in Eq. (10). Note that predictions are conducted
for those documents with similarity higher than a pre-
defined threshold, y. The document similarity is regarded as
a weight of the prediction contributing to the trustworthi-
ness. The trust value of target user c on recommender p is
then derived by taking the weighted average of the
predicted trust values based on the similarity of docu-
ments. The trust value with document similarity solves the
problem whereby both users have no item in common.

ruc = 3
Uc

Up

rup = 3

Fig. 2. Illustration of sequence-based trust with time factor.

D.-R. Liu et al. / Int. J. Human-Computer Studies 69 (2011) 587–601594

document access. Therefore, when we judge whether a
recommender is qualified to be a target user’s neighbor, the
user profile similarity offers another dimension to be explored.

A user profile expressed as a vector of terms represents a
user’s interests in document contents. The profile of a user
is derived by aggregating the profiles of documents in his
document sequence considering time factor and document
ratings. Each user’s documents are arranged in sequence
according to their usage log file. In aggregating the
document profiles, a document’s term weight is multiplied
by the time weight, which is determined according to the
time index of the document, and the normalized rating of
the document, as defined in Eq. (18)

UPc

*
¼

X

d
tcj
k;c in SD

c

twcj
c "

r
tcj

c;dk

M
"DPdk

*
: ð18Þ

In Eq. (18), UPc

*
is a term vector of target user c’s

aggregated profile. Note that only top-N terms will be

selected. DPdk

*
is a vector of term weights for a document

dk accessed by user c at time tcj. At this time point, user c

gives rating r
tcj

c;dk
on document dk and the rating score range

is M. Notably, the time weight of a document accessed at
time tcj by user c is defined as twcj

c ¼ ðtcj%tcsÞ=ðtcf%tcsÞ,
where tcs/tcf is the starting/latest time index in user c’s
sequence and tcs is set to zero. The user profile of

recommender p, UPp

*
, is derived similarly. The user profile

similarity UPS(c, p) can then be calculated using the cosine

formula cosineðUPc

*
; UPp

*
Þ.

In the recommendation step, the trust value considering
time factor and document similarity is used as a filtering
strategy according to Eq. (16). Nevertheless, some minor
modification is made in the prediction of the target user c’s
rating on document d (see Eq. (19))

P̂c;d ¼ rcþ
P

p2NSHðUPSðc; pÞ;TH
c;pÞðrp;d%rpÞP

p2NS9HðUPSðc; pÞ;TH
c;pÞ9

; ð19Þ

where HðUPSðc; pÞ;TrustH
c;pÞ is the harmonic mean of user

profile similarity UPSðc; pÞ and the trust value considering
time factor and document similarity TrustH

c;p

HðUPSðc; pÞ;TrustH
c;pÞ ¼

2ðUPSðc; pÞÞðTrustH
c;pÞ

UPSðc; pÞþTrustH
c;p

: ð20Þ

The harmonic mean of a list of numbers is sensitive to
the smallest elements of the list, Compared to the arith-
metic mean, the harmonic mean tends to decrease the
impact of large outliers and increase the impact of small
elements. The advantage of using a harmonic mean is to
balance the tradeoff between TrustH

c;p and UPSðc; pÞ. The
harmonic mean is high when both TrustH

c;p and UPSðc; pÞ
are high. The harmonic mean tends to be small if one of
the values is abnormally small.

5. Experiments and evaluations

In this section, we conduct experiments to evaluate the
recommendation quality for our proposed methods and
compare them with other trust-based recommendation
methods. We describe the experiment set-up in Section
5.1 and demonstrate the experimental results in Section 5.2.

5.1. Experiment setup

In our experiment, we collect a data set from a research
institute laboratory. We build a knowledge management
system (KMS) to collect documents related to knowledge
workers’ tasks. The data set contains users’ access and
rating behaviors concerning documents over time in con-
ducting research tasks. Workers’ tasks are research-based
tasks and their research domains are recommender sys-
tems, data mining, information retrieval, workflow sys-
tems, knowledge management, etc. There are over 500
research-related documents and about 50 users in the data
set. We extract knowledge from these documents to derive
the document profiles. Generally, each document profile
consists of 800 distinct terms after information extraction
by the tf–idf approach described in Section 2.2. To share
and retrieve the task-related knowledge, workers have four
access behaviors in regard to documents, and such user
behaviors, i.e., upload, download, browse or rate docu-
ments, are recorded in a log. For example, uploading
behavior means that a worker ‘‘uploads’’ a document to
the KMS to actively share the task-related knowledge,
while downloading behavior means that a worker ‘‘down-
loads’’ a document relevant to his/her task from the KMS.
Each user may access 45 documents on average, according
to the log data. For the rating behavior, the user may give
a document a rating on a scale of 1–5 to indicate whether
the document is perceived as useful and relevant. In
addition, if a user did not rate a document, a default score
is assigned according to the user’s access behavior. In this
work, uploading and downloading behavior are regarded
as more important than browsing behavior. Thus, a
default score of 3 is given for browsing behavior, and 4
for uploading or downloading behavior. A high rating, i.e.,
4 or 5, indicates that the document is perceived as useful
and relevant; while a low rating, i.e., 1 or 2, suggests that
the document is deemed to be not useful. The ratio of each
behavior in the data set is 11% for browsing, 21% for
uploading, 38% for downloading, and 30% for rating
behavior. The rating distribution of documents is 7.2% for
score 1, 6.1% for score 2, 19.1% for score 3, 65.3% for
score 4, and 2.3% for score 5.
Users who conduct similar research tasks usually have

similar information needs, i.e., similar interests in acquiring
task-relevant documents. For example, two users, who
execute two similar research tasks, ‘‘document recommender
systems’’ and ‘‘blog recommender systems’’, may need
similar task knowledge, such as recommendation techniques,
data mining, and text mining. For our data set, each user
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document access. Therefore, when we judge whether a
recommender is qualified to be a target user’s neighbor, the
user profile similarity offers another dimension to be explored.

A user profile expressed as a vector of terms represents a
user’s interests in document contents. The profile of a user
is derived by aggregating the profiles of documents in his
document sequence considering time factor and document
ratings. Each user’s documents are arranged in sequence
according to their usage log file. In aggregating the
document profiles, a document’s term weight is multiplied
by the time weight, which is determined according to the
time index of the document, and the normalized rating of
the document, as defined in Eq. (18)
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In Eq. (18), UPc

*
is a term vector of target user c’s

aggregated profile. Note that only top-N terms will be

selected. DPdk

*
is a vector of term weights for a document

dk accessed by user c at time tcj. At this time point, user c

gives rating r
tcj

c;dk
on document dk and the rating score range

is M. Notably, the time weight of a document accessed at
time tcj by user c is defined as twcj

c ¼ ðtcj%tcsÞ=ðtcf%tcsÞ,
where tcs/tcf is the starting/latest time index in user c’s
sequence and tcs is set to zero. The user profile of

recommender p, UPp

*
, is derived similarly. The user profile

similarity UPS(c, p) can then be calculated using the cosine

formula cosineðUPc

*
; UPp

*
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In the recommendation step, the trust value considering
time factor and document similarity is used as a filtering
strategy according to Eq. (16). Nevertheless, some minor
modification is made in the prediction of the target user c’s
rating on document d (see Eq. (19))
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methods. We describe the experiment set-up in Section
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tasks and their research domains are recommender sys-
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tems, knowledge management, etc. There are over 500
research-related documents and about 50 users in the data
set. We extract knowledge from these documents to derive
the document profiles. Generally, each document profile
consists of 800 distinct terms after information extraction
by the tf–idf approach described in Section 2.2. To share
and retrieve the task-related knowledge, workers have four
access behaviors in regard to documents, and such user
behaviors, i.e., upload, download, browse or rate docu-
ments, are recorded in a log. For example, uploading
behavior means that a worker ‘‘uploads’’ a document to
the KMS to actively share the task-related knowledge,
while downloading behavior means that a worker ‘‘down-
loads’’ a document relevant to his/her task from the KMS.
Each user may access 45 documents on average, according
to the log data. For the rating behavior, the user may give
a document a rating on a scale of 1–5 to indicate whether
the document is perceived as useful and relevant. In
addition, if a user did not rate a document, a default score
is assigned according to the user’s access behavior. In this
work, uploading and downloading behavior are regarded
as more important than browsing behavior. Thus, a
default score of 3 is given for browsing behavior, and 4
for uploading or downloading behavior. A high rating, i.e.,
4 or 5, indicates that the document is perceived as useful
and relevant; while a low rating, i.e., 1 or 2, suggests that
the document is deemed to be not useful. The ratio of each
behavior in the data set is 11% for browsing, 21% for
uploading, 38% for downloading, and 30% for rating
behavior. The rating distribution of documents is 7.2% for
score 1, 6.1% for score 2, 19.1% for score 3, 65.3% for
score 4, and 2.3% for score 5.
Users who conduct similar research tasks usually have

similar information needs, i.e., similar interests in acquiring
task-relevant documents. For example, two users, who
execute two similar research tasks, ‘‘document recommender
systems’’ and ‘‘blog recommender systems’’, may need
similar task knowledge, such as recommendation techniques,
data mining, and text mining. For our data set, each user
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performance of model-based recommender systems. Figure 1 
shows how we want to combine inferred trust scores based on 
user ratings on items, with the social MF. As shown in Figure 1, 
the approach we propose consists of two main modules: a trust 
inference engine and a recommendation engine. The trust 
inference engine takes user ratings on items as input and computes 
the trust scores between users using any of the trust metrics in the 
literature (such as those presented in Table 1). Then, the 
recommendation engine generates rating predictions by 
employing the SocialMF method [5], using the inferred trust 
scores instead of the explicit ones. 

5. EXPERIMENT 
We used the Epinions1 dataset, which includes 49,290 users who 
rated a total of 139,738 different items, 664,824 reviews, and 
487,181 issued trust statements. Our experiment consists of two 
steps. First, we evaluate the trust metrics in Table 1, by comparing 
the trust scores generated by them with the ground trust scores 
explicitly expressed by users (Table 2). Second, we incorporate 
the trust scores generated by the trust metrics, into the SocialMF 
as described in the previous section (Table 3). 

5.1 Evaluating trust ratings predictions 
Here, we present results of an evaluation of the trust metrics 
presented in Section 2. For each metric, we have measured how 
relevant a user’s ranking (composed of other users, and sorted 
according to the trust scores produced by the metrics) is, 
compared against the ground truth scores available in Epinions 
dataset. Specifically, four metrics commonly used in Information 
Retrieval are presented: normalized discounted cumulative gain 
(nDCG), precision (P), recall (R), and reciprocal rank (MRR) [1]. 
Table 2 shows the results for these metrics; along with the user 
coverage (Cvg) measured as the number of users for which a 
metric is able to infer trust values. 

Table 2. Comparing the inferred trust scores (implicit) with 
the ground trust scores (explicit) 

Trust metric nDCG@
10 nDCG P@10 R@10 MRR Cvg 

O'Donovan & 
Smyth [9] 
(TM1) 

0.007 0.008 0.007 0.001 0.022 98.8% 

Lathia et al. 
[7] (TM2) 0.004 0.008 0.004 0.001 0.014 99.7% 

Hwang & 
Chen [4] 
(TM3) 

0.006 0.009 0.005 0.001 0.020 100% 

Shambour & 
Lu [12] (TM4) 0.006 0.009 0.005 0.001 0.017 100% 

Papagelis et 
al. [10] (TM5) 0.028 0.007 0.024 0.003 0.071 9.5% 

As Table 2 shows, there is an important tradeoff between 
accuracy and coverage: whereas Papagelis et al. (TM5) has high 
precision and MRR values, its coverage is too low. It is also 
important to note the difference in performance at varying cutoffs: 
although Papagelis et al. perform well at smaller cutoffs 
(nDCG@10), its performance is worse when the whole ranking is 
considered (nDCG); in particular, this metric is not the best 
performing one, but more complex metrics like Hwang & Chen 
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(TM3) and Shambour & Lu (TM4) obtain better performance in 
the long term.  

Assuming we are interested in metrics with high user coverage 
and good performance at small cutoffs, our results suggest 
O’Donovan and Smyth (TM1) is the best candidate. This is due to 
a good tradeoff this metric presents between the different aspects 
measured over the trust metrics from Table 1. 

5.2 Evaluating accuracy of ratings prediction 
In this section, we present results on accuracy of rating prediction 
in terms of RMSE (Root Mean Square Error) and MAE (Mean 
Absolute Error), which are common metrics used when evaluating 
MF methods. We set the number of latent features k to be equal to 
5 and 10; as suggested in the literature on social MF [5, 8]. For 
testing our model, 80% of the data was randomly selected and 
assigned to training set and the rest was considered as test set. We 
compare our approach with two state-of-the-art approaches: 
Probabilistic MF (PMF) [11] and an approach using only trust 
information, SocialMF [5]. For all the methods used, we set 
optimal parameters recommended in the literature, as indicated in 
Table 3. For PMF and SocialMF, we adopt the implementations 
provided by the MyMediaLite framework2.  

Table 3. Performance comparison of the SocialMF using implicit 
trust against the baselines (the lower, the better); lowest values 

for each k in bold face and best values underlined. 

 RMSE MAE 

Method/k k=5 k=10 k=5 k=10 

PMF 1.1741 1.1705 0.9471 0.9507 

SocialMF-explicit 
trust 

1.0956 1.0934 0.9161 0.9154 

SocialMF-TM1: 
O'Donovan & 
Smyth [9] 

1.0926 1.1003 0.9145 0.9170 

SocialMF-TM2: 
Lathia et al. [7] 

1.0968 1.1005 0.9160 0.9175 

SocialMF-TM3: 
Hwang & Chen [4] 

1.0947 1.1006 0.9154 0.9174 

SocialMF-TM4: 
Shambour & Lu 
[12] 

1.0952 1.0990 0.9153 0.9167 

SocialMF-TM5: 
Papagelis et al. [10] 

1.0970 1.1065 0.9150 0.9186 

Table 3 presents the results of comparing the SocialMF on 
implicit trust scores, explicit trust scores, and PMF. Based on the 
results, all SocialMFs that incorporates implicit trust outperforms 
the PMF; the largest difference is 8.2% and smallest difference is 
7.7%.  

In general, the results of SocialMF on implicit trust (for all TMs) 
are quite similar to the results of SocialMF using explicit trust. As 
the table shows, the SocialMF on implicit trust inferred by 
O’Donovan and Smyth’s (TM1) (RMSE=1.0926; MAE=0.9145) 
can perform as accurate as the SocialMF with explicit trust 
(1.0956; k=5). The results show that SocialMF on implicit trust 
can achieve quite the same results as the SocialMF on explicit 
trust; with the difference in range of {-0.016%,+0.4%}. Regarding 
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2017: How to Recommend? User Trust Factors in 
Movie Recommender Systems  (Berkovsky et al IUI’17)

Presentation Debrief

Genre This recommender groups movies by genre

Human This recommender is based on a human pref-
erence

Star This recommender favours movies popular
in IMDb

Explanation Debrief

Persuasive This recommender focuses on awards and
accolades received by the movies

Personalised This recommender tries to match the movies
you said you liked

IMDb This recommender favours high ranking
movies in IMDb

Priority Debrief

Quality This recommender focuses on movies with
high IMDb scores

Diversity This recommender favours a diversity of
genres

Familiarity This recommender favours relatively recent
movies

Table 1. Dimensions, factors, and debrief texts.

Figure 1. Presentation dimension: genre (A), human (B),

star (C).

system. We examined these factors and grouped them
into three dimensions, namely, presentation, explanation,
and priority, each including three di↵erent instantiations
that we refer to as factors. The considered dimensions
and factors are described in Table 1.

The presentation dimension considers three ways to
present the recommendations. These are: item group-
ing according to a certain domain feature (here, group-
ing according to the genre of the movies), use of a hu-
manoid agent that presents the recommendations (here,
just an image of a person along with a first-person text),
and numeric scores communicating the quality of the
recommended items (here, aggregated star rating of the
movie). The explanation dimension refers to the text
that accompanies the recommended items. The varia-
tions of this dimension include persuasive explanations
that highlight the advantages of the items (here, awards,

Figure 2. Explanation dimension: persuasive (A), person-

alised (B), IMDb (C).

Figure 3. Priority dimension: quality(A), diversity (B),

familiarity (C).

star actors, or box o�ce figures), personalised explana-
tions that list the reasons for recommending the items
(here, list of similar movies in the same genre liked by the
user), and factual explanation (here, average score and
number of votes on IMDb). Lastly, the priority dimen-
sion deals with the properties of the recommendation
list that the system deems important. These are quality
(here, top-scoring IMBd movies), diversity (here, movies
that cover as many genres as possible), and familiarity
(here, recently released movies).

Study Design and Participants
We conducted a crowdsourced user study comparing
these dimensions and factors. Each study session was
divided into three phases. During the profiling phase,
first, basic demographic data of the participants was col-
lected, and then, we administered the TIPI inventory, in
order to collect the participants’ Big Five personality
traits [35]. Finally, the participants selected a number
of movies they already watched and liked, which were
used to tailor the personalised explanations.
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Low -trait High-trait

thrl users score thrh users score

Extraversion 3.0 32 2.19 4.5 36 4.93
Agreeableness 2.5 36 2.03 4.0 33 4.30
Conscientious. 4.0 31 3.66 6.0 37 6.41
Neuroticism 2.5 38 2.33 4.0 35 5.11
Openness 4.0 30 3.68 6.0 30 6.30

Table 6. Characterisation of the low and high personality

trait groups: low/high threshold, number of users, and

mean trait score.

When reviewing these findings, we hypothesise that
these changes can be attributed to the identical presen-
tation of the three recommendation lists, the content
of which solely reflects the prioritisation. This might
not have been clear in the ranking phase, while the de-
brief actually attracted user attention to the subtle dif-
ferences between the lists and triggered the changes in
preferences. Qualitative input illustrates the reasons for
the user choices during debrief. For example, a user ex-
plains their vote for familiarity through the integrity con-
struct, “popular recently released movies are always the
first I watch”. Likewise, the substantial increase in pref-
erence towards diversity in the competence construct is
evidently illustrated by comments like “di↵erent genres
allow for a wider experience with films and culture, so
this leads to most knowledge” and “they have a broader
knowledge of films, rather than picking what is necessar-
ily the most recent or highest rated”.

Analyses of Personality Traits
We turn now to the analysis of how trust perception
varies across di↵erent types of users. During the ini-
tial profiling phase, we collected data about the users’
personality traits through the TIPI inventory tool and
calculated the scores of the Big-Five personality traits
[9]. Following this, the users were split into high and
low groups with respect to each of the five traits. The
thresholds for the high and low scoring groups were ad-
justed for each trait, in order to balance the sample sizes
for the analysis. Table 6 shows the low- and high-trait
group thresholds (on a 7-Likert scale of TIPI), number of
users in each group, and the mean score of the relevant
trait for each group.

Figures 5-9 show pairwise comparisons of the ratios of
user preferences for each dimension and factor, with re-
spect to all trust constructs, during the ranking phase
only. Each pair of columns presents the low-trait group
on the left and the high-trait group on the right. In
the following sub-sections we analyse the di↵erences ob-
served between the low- and high-scoring groups for each
trait. The discussion primarily focuses on the aggre-
gated trust scores calculated across all the constructs.
Significance results are based again on the �2 test with
Benjamini-Hochberg correction at Qe = 0.1, conducted
between the normalised vote counts received in the two
groups considered. As earlier, statistically significant dif-
ferences are marked by ⇤.
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Figure 5. Low- vs high-extraversion users: presentation

(top), explanation (middle), and priority (bottom). Sig-

nificant di↵erences are marked by

⇤
.

Extraversion
Looking at the top graph in Figure 5 referring to the pre-
sentation dimension, the main di↵erences between the
low- and high-extraversion users correspond to an ag-
gregated 8.4% increase for the genre grouping and the
corresponding 9.0% decrease for the star-rating presen-
tation. These di↵erences are found to be significant in all
the constructs of trust. We posit that the increase of the
genre grouping reflects the tendency of high-extraversion
people to seek stimulation in a breadth of activities,
which the genres indirectly reflect. Conversely, reliabil-
ity is important for low-extraversion people, so they put
more trust into the star-ranking presentation.

Turning to the middle graph about explanation, we ob-
serve an 8.6% increase in aggregated preference towards
persuasive explanations, at the detriment of IMDb-based
explanations, which drops by 11.0%. These di↵erences
are again significant across all the constructs of trust.
We relate these changes to the enthusiastic and outgoing
nature of high-extraversion people, which is fuelled by

IUI 2017 • Trust March 13–16, 2017, Limassol, Cyprus

294



Abstract Approaches with 
Human-in-the-loop

UserInterface



Trust, Cognition and UI  in the Diner’s Dilemma 
Problem (Onal et al.  IEEE CogSima, best paper 2014)
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Dynamics of Human Trust in Recommender 
Systems (Harman et al. 2014)



Yu et al. IUI’17:  User Trust Dynamics: An Investigation Driven by
Differences in System Performance

The above research has shown that system failures cause 
significant declines of a user’s trust. However, to the best 
of our knowledge, they have not been able to identify how 
a user’s trust may be affected by system failures over time, 
and how consecutive occurrences of system failures or 
successes may change the user’s trust. As a consequence, 
this paper addresses these very issues of how trust is 
affected over time by the observable system performance. 

METHODOLOGY 
Every human interaction with a system has unique 
characteristics and contexts making trust dependent on a 
broad range of human, technological and environmental 
factors. In order to provide results that can generalize to 
real-life system, we operationalize decision making as 
binary tasks, due to the fact that many complex decision 
processes can be decomposed into a series of atomic binary 
decisions. From the system design perspective, whether a 
complex system works can be verified via the examination 
of a simplified system [4]. The decision-trust relationship 
thus can be easily generalised to complicated decision-
making problems. Furthermore, the simplified decision 
making protocol we implement is similar in effect to the 
microworlds introduced by Lee and See [14], which makes 
it convenient to map trust levels to decisions without the 
interference of other parameters. 

Scenario 
This experiment simulated a quality control task in a 
factory that manufactures drinking glasses [32]. Users were 
asked to determine the condition of glasses, a binary choice 
between good or faulty. To make this decision, they only 
received the assessment from a (simulated) decision 
support system we call Automatic Quality Monitor (AQM), 
which alerted the user to potentially faulty glasses. 
However, the AQM was designed to not necessarily be 
correct and occasionally exhibited false positives 
(suggesting failing a good glass) and false negatives 
(suggesting passing a faulty glass). Hence, the trust the user 
placed into the AQM might fluctuate depending on the 
performance of the AQM, allowing us to explore the 
dynamics of trust. 

Trials 
The experiment took place in a laboratory setting through a 
simple graphical user interface and was arranged in blocks 
of trials. Each individual trial started with the AQM 
providing its recommendation about a glass: a red warning 
light bulb illuminated red for a faulty glass or turned off for 
a good glass (Figure 1). The user then needed to click a 
Pass button, if they thought the glass was good, or to click 
Examine if they thought the glass might be faulty. It is 
important to note that this decision is entirely up to the user 
who may opt either to comply with the AQM’s 
recommendation or override it. 

 

Figure 1: The trial starts with an AQM recommendation 

After they made their choice, the users were shown the 
actual condition of the glass, providing them with direct 
feedback on their decision, as illustrated in Figure 2, where 
the user correctly decided to examine a glass that proved to 
be faulty. 

In order to increase motivation and attention we gamified 
the interaction by introducing a fictitious $100 reward for 
each correct decision (examine faulty glass, or pass good 
glass) and $100 fine for each incorrect decision. The total 
earnings were updated and displayed after each decision. 
The users were aware that these rewards are only to help 
them track their score, without any actual remuneration 
offered. 

 

 

Figure 2: Upon decision from the user, the actual glass is 
shown and fictitious earnings updated. 

At the end of each trial the users were requested to 
explicitly indicate their level of trust in the AQM using a 
7-point Likert scale ranging from 1: distrust, to 7: trust. In 
the instructions issued at the outset of the experiment we 
explained that a rating of 4 meant neutral, or no disposition 
in either direction. 
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Figure 3. Mean trust for all users for each AQM. 

For the 90%, 80% and 70% accurate AQMs, the users’ 
initial trust is comparable, around 0.6, showing the initial 
disposition of users towards the AQMs. Investigating the 
temporal fluctuations of the trust values, we observe that 
they stabilize towards the end of the 30 trials, although the 
trust in the 100% AQM stabilizes at 1 after 13 trials only. It 
appears that the trust in the 90% and 80% AQMs stabilizes 
after 20 to 25 trials, while the trust in the 70% AQM 
stabilizes after trial 26. 

An analysis of variance shows that the effect of AQM 
accuracy on the last trust point (trust mean over the last five 
trials) is significant for all the users (F(3, 80)=27.03, 
p<0.05). A further examination suggests that the average 
trust score on the last five trials and the accuracies of the 
AQMs have a strong correlation (r=0.9996, p<0.05). This 
finding implies that the users formed a stable mental model 
of the system trust levels towards the end of the 30 trial 
session and that this subjective perception correlates with 
the actual level of accuracy exhibited by the AQMs. 

Effects of system performance on trust change 
We observed that the trust levels exhibited some 
oscillations before stabilizing after about 25 trials. 
However, the cause for the trust change may still be 
undetermined. As discussed in Lee and Moray’s work [13], 
system performance, especially system failures, can be one 
important factor that affects a user’s trust. As a 
consequence, we examined the effects of system failures 
and successes on a user’s trust change. In our study, a 
system failure refers to the case when the AQM 
recommends a wrong answer to the user, for example, the 
light is on but actually the glass is good, or vice versa. On 
the contrary, a system success means the AQM makes a 
correct recommendation consistent with the quality of the 
glass. The pattern by which the system fails or performs 
well is central to our investigation, so we coded different 

number of consecutive system successes and failures into 
our analysis.  

It should be noted that some collected data were 
intentionally discarded from the analysis to avoid the 
ceiling effect when using a Likert scale. For example, if the 
system succeeded three times in a row, resulting in a user’s 
trust ratings of 6, 7, 7 respectively on a 7-point Likert scale, 
then the user may have arguably reached the scale’s ceiling 
at the second success and been unable to rank the third trial 
as high as she/he would have wanted, i.e. above 7. In such 
instances, we excluded the third point from our analysis 
and considered only the first increase of trust. We applied a 
similar filtering to the lower end of the scale to avoid the 
floor effect, ignoring instances such as 2, 1, 1, for example. 
It should be noted that very few instances of the floor effect 
were observed in the data. 

Figure 4 illustrates the average implication of consecutive 
system failures and system successes for trust change for 
all users. Here the trust change dT between the k-th trial and 
(k+n)-th trial is calculated as:  

T k n kd T T� �    (3) 

Where Tk+n refers to the user reported subjective trust on 
trial k+n, and Tk is the user reported subjective trust on trial 
k. In the following part of the paper trust change is 
calculated in the same way. The number of consecutive 
system failures or successes n is plotted along the 
horizontal axis. 

 

Figure 4. Implications of system failures and successes for 
user trust change. 

Due to the fact that all AQMs used in the experiment 
perform better than the chance rate of 50% for the binary 
decision involved, more system successes than system 
failures are observed, and hence we are unable to extend 
the system failure graph beyond three consecutive failures. 
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Figure 2. We designed three visualizations for autonomous driving cars. Left: A world in miniature, Middle: A chauffeur avatar, Right: Basic car
indicators as the baseline. The world in miniature and the chauffeur avatar are intelligent autopilot visualizations that interpret the current driving
situation and react accordingly. The car indicator visualization only visualizes the basic turn intentions and does not show any intelligence. This
corresponds to what drivers currently see in cars. We ensured that the indicators light up and sound for the same duration in all autopilot variants.

We measured the participants’ attitudes and behaviors by sev-
eral questionnaires (see section Questionnaires). In general,
our participants seemed to be safe drivers. However, many of
them would cross an intersection although the traffic light is
about to turn red and exceed the speed limit for up to 15 km/h
but not 30 km/h. They would not do risky overtaking maneu-
vers or race for fun or out of boredom.

Overall, our participants trust autonomous systems until they
fail or show deficits in competence. They are also confident
that autonomous systems have a high competence. In addition,
all of our participants are thrilled about and like to use novel
technologies. Comparing the attitude towards autonomous
driving of our participants with the results of Kyriakidis et
al. [19], we found that our participants were slightly more
fascinated about fully autonomous driving. In both studies, au-
tonomous and manual driving are rated as equally comfortable.
We therefore think that our set of participants is representative
but, probably due to the technical background of many of
them, slightly positively biased about autonomous driving.

Study Design
We designed a within-subjects experiment with 3 x 3 con-
ditions: We counterbalanced three driving videos and three
autopilot visualizations (chauffeur, world in miniature, indica-
tors) throughout the study, resulting in three test phases. We
defined six groups that represent the presentation orders of the
autopilot visualization (at fixed order of the driving videos)
and randomly assigned five participants to each group.

The driving videos were recorded by means of a GoPro
HERO 4 (1280 x 960 px resolution) which was placed in-
side the car below the rear view mirror. We drove the same
track several times during different times of day and weather
conditions to obtain similar but not identical footage. We then
cut three driving videos with 7 min each out of two different
recordings: The first part shows urban two-lane roads with lit-
tle to medium traffic density. It contains many maneuvers such

as stopping at a traffic light and turns and situations such as
crossing pedestrians and overtaking cyclists. The second part
shows high-density traffic on an urban multi-lane road with
a lot of lane change traffic and many stops at traffic lights. It
also contains one unpredictable event that requires fast action
such as a suddenly stopping lead car.

For each driving video, we then designed corresponding sim-
ulations for each autopilot visualization. The visualizations
chauffeur and world in miniature present their intelligence
by their understanding of and reaction to objects, events and
situations. To ensure comparability, both visualizations react
to the same events within each driving video. The baseline
visualization only communicates the car’s turn intentions by
means of the indicators; this visualization does not convey
intelligence or understanding of the situation.

In order to create a high feeling of realism, we used the videos
of real driving along with a real car test setup. Participants
even started the automated drive themselves by pressing a
button on a smartphone next to the steering wheel, which also
aimed to increase the feeling of control and the interactivity. In
order to keep participants involved in the situation and prevent
distraction, the experimenter frequently asked the participant
to judge the current feeling of trust on a scale from 1 to 10
(low to high trust). Overall, the study lasted about 75 min.

Questionnaires
Since we investigated subjective feelings, we based our evalu-
ation on questionnaires. Prior to the test, we used introductory
questionnaires to gather demographic data as well as to get
insights into the participants’ attitudes and tendencies to trust
people or systems. After each test phase, participants had to
fill out the intermediate questionnaires to report their feeling
of trust in autonomous driving supported by one particular
autopilot visualization. After the last test phase and its inter-
mediate questionnaire, the participants had to fill out a closing
questionnaire which compares the three visualizations directly.
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Supporting Trust in Autonomous Driving 
[Haeulschmid et al. IUI 2017]
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Trust Through Explanation in Recommenders:
A Brief History
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MoodPlay [UMAP’16]
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Thoughts and Challenges…
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The User Is Important  [Knijnenburg ’12]

Inspectability and Control  
in TasteWeights 



How is trust influenced by explanation and 
control? 
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Risk, Reward etc.  
(Willingness to engage)

Complexity. 
(functionality 
Etc.)

Listening 
to a tune

Applying 
for a job

Surgical Monotoring



Measuring Challenge
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Trust Perceptions
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Paper on Thursday:  “Adaptive View Management for Drone 
Teleoperation in Complex 3D Structures”  Jack Thomason, 4Eyes Lab, 

UCSB.
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…in the “Intelligent Systems” session!


