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Abstract. In the field of natural argumentation and computer per-
suasion, there has not been any clear definition of the persuasiveness
of a system trying to influence the user. In this paper, we describe a
general evaluation task that can be instantiated on a numberof do-
mains to evaluate the beliefs change of participants. Through the use
of a ranking task, we can measure the participant’s change ofbeliefs
related to a behaviour or an attitude. This general metric allows a
better comparison of state of the art persuasive systems.

1 Motivation and Related Work

In novel fields of research, researchers often want to compare their
approaches and the efficiency of their research. Thus, alongside the
new field a research movement is created to develop robust evalua-
tion frameworks that can provide comparative results and fair evalua-
tions of research output for the field. For example, in the Information
Retrieval field, the researchers have long studied different techniques
of evaluation and selected the precision/recall measures,thus creat-
ing a framework of measures that can be used by all researchers and
create evaluation campaigns such as the Text REtrieval Conferences
(TREChttp://www.trec.nist.gov).

The field of automated persuasion is attracting a growing interest
in the research community, with new conferences and workshops ev-
ery year [16, 19]. However, there has yet not been an agreed method
for evaluating and comparing persuasive systems’ output.

Existing research already provides examples of evaluationtech-
niques for persuasion. For instance [4] uses a long term evaluation
procedure to follow the change of students’ behaviour when trying to
persuade them to walk more. The measure of persuasiveness intro-
duced by the authors is computed from the evolution of steps count
for each participant, showing the change in walking behaviour of the
students over one month. In this experimental setup, the researchers
need a large amount of resources and time to provide pedometers to
students, motivate them to use the system on a long term basisand
wait for results; this amount of resources are not always available to
all researchers. In addition, following a long term behaviour change
is not an atomic setup and it is difficult to control for every external
factors that can influence the user’s behaviour.

[21] describes a smoking cessation program that tries to persuade
participants to stop smoking through tailored letters. Theusers are
asked if they think they will stop smoking in the month or six months
following the reading of the letter. Participants were alsoasked if
they had actually quit six month after the intervention. In this exper-
iment, the authors show that there is no difference in the change of
behaviour between the control group and the group that readsthe tai-
lored letters. The authors acknowledge that their experiment and trial
was too small to show any statistical evidence. It is in fact difficult
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with such binary observation to extract enough data and it isa gen-
eral problem to be able to find enough participants to follow on such
a long term experiment.

In behavioural medicine, many measures have been developped to
evaluate the changes in different mental constructs associated to be-
haviour change. [11], for example, proposes a questionnaire to eval-
uate the stage of change (see [20]) of participants within the pain
treatment domain, while [15] develops a scale to measure theevolu-
tion of self efficacy in the domain of arthritis treatment.

Other persuasive system researches take a more concise approach
by evaluating a change during the persuasive session of an external
representation of the user’s intentions towards a behaviour. For in-
stance [8] evaluates an embodied conversational agent simulating a
real estate agent by comparing the amount of money that clients are
prepared to spend on a house before and after the interactionwith
the estate agent. The estate agent tries to convince users tobuy a
house fifty percent more expensive than what they are actually ready
to spend. The persuasiveness of the system is evaluated by looking at
the increase in the user’s budget after the interaction. Themeasure is
between zero percent to 100% increase relative to the targetincrease
chosen by the system.

[18] tries to evaluate the effect of distance over persuasion for
computer mediated communication. The author uses a setup follow-
ing the desert survival scenario [14] where participants have to rank
a set of items relating to their survival in the desert. Afterhaving
given an initial ranking, the participants are then faced with persua-
sive messages relevant to these items and finally give a ranking of the
same items after the persuasive session. The author uses as ameasure
of persuasion the distance between the participant’s final ranking and
the ranking of the persuader. [7] introduces a variation of the ranking
task in the domain of house buying; instead of having to rerank a full
list of items (houses in this case), the participants are persuaded to
insert a new item in their initial ranking. This evaluation measures
how many users actually chose the new alternative and where they
ranked it in the initial ranking. These measures allow the authors to
evaluate the persuasion and the effectiveness of the tailoring of the
arguments.

We believe that a ranking task such as the one used by [18] can ap-
ply to different domains and be used as a common evaluation metric
to compare persuasive systems. In this paper, we ground the validity
of this ranking task in theory of persuasion and describe a formali-
sation of the ranking task that provides an evaluation metric for con-
trolled experiments that can be more robust to external factor. It also
provides a standard measure available in many domains and that can
be compared between researches. We also conclude that thereis a
need for more research in persuasion evaluation frameworksto help
the development of the automatic persuasion and natural argumenta-
tion field.



2 Behaviour and Belief Change

When thinking of persuasion, the immediate indicator of success is
a change in the behaviour of the persuaded subject; in fact, [17] pro-
posed the following definition ofPersuasive Communication:

“Any message that is intended to shape, reinforce or change the
responses of another or others.”from [22], p. 4

It is generally accepted that the“changed responses”refers to ei-
ther a change in behaviour or a change in the attitude towardsthe
behaviour (see [22]). However, behaviours can take many forms and
the method of evaluating of a change in behaviour will be differ-
ent for every application domain. For instance [4] tries to evaluate
a change in walking behaviour and uses the number of steps a user
performs as a measure of behaviour change. In another healthadvice
domain, [21] tries to convince participants to stop smoking, the eval-
uation output is thus the number of participants that stopped smok-
ing. [4] describes a continuous evaluation value for each participant
that is hard to port to other domains whereas [21] describes abinary
value that does not provide powerful data for analysis but iseasy to
understand. Both evaluation methods consider a change of behaviour
and provide the authors with a tool to demonstrate the persuasive-
ness of their system. However, it is difficult for the reader to make a
comparison between the approaches’ performances.

However, research in sociology and persuasive communication
shows that intentions towards a behaviour can be modelled asa func-
tion of the user’s beliefs about such behaviour and the social norms
influencing the user. For instance, [1] presents the Theory of Rea-
soned Action that is designed to predict one’sintention(IB) to per-
form a particularbehaviour(B) as a functionf of one’sattitudeto-
ward this behaviour (AB) and of thesubjective normsthe behaviour
is exposed to (SNB). Equation (1) represents this influence, where
W1 andW2 are the personal importance attributed to each compo-
nent:

The attitude is defined by (2) wherebi is the “belief value” and ei

is the “evaluation” of that belief,
The subjective norms is defined by (3) whereb′i is the “normative

belief value”. i.e. the reference belief of the group the receiver
considers himself in – andmi the “motivation” to follow the group
beliefs.

IB = f(W1 × AB + W2 × SNB) (1)

AB =
X

bi × ei (2)

SNB =
X

b
′
i × mi (3)

The standard example provided in persuasive communicationlecture
books ([22] for example) relates to the act of filing and paying taxes.
The beliefbi would then be “I should file taxes” and the final in-
tentionIB “I will file my taxes”. The usual attitudeAB towards the
behaviour is very low as its evaluation in the person’s mind is low,
however, the social norms, influenced by laws and peer pressure, are
high. Thus, at the end, the intention towards the behaviour is still
high and the taxes will be filed and paid.

A similar representation of human reasoning was developed within
the Belief-Desire-Intention (BDI) model [5]. This model describes
the actual intention of realising an action – or a behaviour –that
is linked to someone’s desires about this behaviour and the relying
world representation contained in its beliefs. However, [5] does not
provide a model as strict as the one proposed by [1] to describe the

relations between these layers of practical reasoning. [6]tries to ra-
tionalise this relationship between beliefs and goals – or intentions –
in the practical reasoning models close to BDI.

Evaluating a change of behaviour can thus be done, accordingto
this model, by evaluating a change in the beliefs linked to the be-
haviour or a change in the influences of social norms. In a controlled
experiment, one can choose to evaluate one or the other indepen-
dently.

In particular, in a controlled experiment were the change insocial
norms’ influence is controlled for – on a short term evaluation for
example –, researchers can evaluate a change in beliefs and evaluate
the persuasion as a change in the attitude towards a behaviour instead
of direct behaviourial observation.

Beliefs can be linked to the judgement of a behaviour, but also to
some external representation. For example [8] uses such a technique
to evaluate the persuasiveness of their embodied conversational agent
where instead of measuring the actual buying behaviour to see if the
system is persuasive, the authors use a view of the attitude towards
this behaviour given by the amount of money participants areready
to spend. However, this measure stays limited to the domain.

In this paper, we discuss beliefs that can be linked to behaviour’s
intentions as well as to a ranking between a set of items, which we
believe can be applied to various domains and can provide a measure
for comparison between researches. [18, 3] use the desert scenario
task to provide a ranking task to participants: they are toldthat they
are stranded in the desert after a plane crash and should ranka set
of items (compass, map, knife, etc.) according to their usefulness for
the participants’ survival. The resulting ranking provides an external
representation of the set of beliefs each participant has formed about
the utility of each item.

The ranking does not provide a detailed view on every internal
belief that the user holds about the situation, however, if the user
changes this ranking, this change represents a measurable change in
the internal beliefs. According to the Theory of Reasoned Action this
change in beliefs has an impact on the user’s intention towards the
behaviour, and we can assume that the measured persuasion has an
influence on the behaviour too.

3 Measuring Persuasiveness

The ranking task provides an observation of the user’s beliefs that
can be used to extract a metric evaluation that can be shared and
compared between research domains. In this section, we present the
general metric measure that can be used and consider different is-
sues in implementing a ranking task and applying the persuasiveness
metric.

When participating in a ranking task, the participants firstgive
their preferred initial rankingRi of items (for example, in the desert
scenario task: knife, compass, map, . . . ) and then engage in with the
persuasive system which attempts to change the participants’ ranking
to a different rankingRs; at the end of the persuasion session, the
participants can change their items choice to a final rankingRf (see
figure 1).

The persuasiveness of the session is measured as the evolution of
the distance between the user’s rankings (Ri, Rf ) and the system’s
goal ranking (Rs). If the system is persuasive, it changes the user’s
beliefs about the items ranking towards a ranking similar tothe sys-
tem’s ranking. The change of beliefs is reflected by the evolution of
the distance between rankings as defined by equation (4).

P = ∆(d(Rf , Rs), d(Ri, Rs)) (4)



3.1 Swap measure

Figure 1. Desert Scenario Ranking Task Example

There exist a number of distance measures between rankings [13,
10, 12]. The Kendallτ coefficient is generally used to measure a dif-
ference between rankings. However, this measure is not a metric and
is not always straightforward to interpret. A part of the Kendall τ

coefficient is however a metric and provides an intuitive measure in
the ranking task. The“Kendall τ permutation metric”[13] is used
to compute the pairwise disagreement between two rankings;mea-
suring the number of swaps between adjacent items to get fromone
ranking to the other ranking. The Kendallτ permutation metric be-
tween the rankingsR1 and R2 is defined in Equation (5)2 where
Pairs is the set of all possible pairs of items ofR1 andR2.

Kτ (R1, R2) =
X

{i,j}∈Pairs

K̄i,j(R1, R2) (5)

K̄i,j(R1, R2) =

8

>

<

>

:

0 if the pair of itemsi andj are in the same

order in the two rankings,

1 otherwise
(6)

Equation (7) defines the evolution of the Kendallτ permutations
metric during the persuasive session and provides a metric evaluation
of the system’s persuasiveness.

P̄ersuasiveness = ∆(Kτ (Ri, Rs), Kτ (Rf , Rs))

= Kτ (Ri, Rs) − Kτ (Rf , Rs) (7)

For example, if the user’s initial ranking of the items isRi =
map > flashlight > compass and the system goal ranking is
Rs = compass > flashlight > map. The Kendallτ permuta-
tions metric is calculated with the table of pairs:

Ri Rs K̄(Ri, Rs)

map> compass map< compass 1
map> flashlight map< flashlight 1

flashlight> compass flashlight< compass 1

Kτ (Ri, Rs) 3

If the final user ranking isRf = flashlight > compass >

map, the table of pairs is:

2 from [10]

Rf Rs K̄(Rf , Rs)

compass> map compass> map 0
flashlight> map flashlight> map 0

flashlight > compass flashlight< compass 1

Kτ (Rf , Rs) 1

At the beginning of the persuasive session, the distance is maxi-
mum between the two rankings – three swaps are needed – whereas,
at the end of the session, only one swap is required. The persuasive-
ness metric is then:̄Persuasiveness = 3 − 1 = 2.

For ann items ranking, the range of the persuasiveness metric is
thus

[−
n × (n − 1)

2
,
n × (n − 1)

2
]

To be able to compare different persuasive systems that can rely on
heterogeneous ranking task with different numbers of items, we need
to normalise this persuasiveness measure as defined by equation (8).

Persuasiveness =
2 × (Kτ (Ri, Rs) − Kτ (Rf , Rs))

n × (n − 1)
(8)

3.2 Interpretation and Constrains

In this general approach to the ranking task, the normalisedpersua-
siveness metric will have a minimum of -1 and a maximum of +1.

• Theminimumcorresponds to the case where the participants actu-
ally made the maximum number of swapsaway from the system’s
ranking between the initial and the final ranking.

• A null Persuasiveness means that the participant did not change
the ranking and that the system was not persuasive.

• ThemaximumPersuasiveness corresponds to a successful persua-
sion of the system as the participants will have done the maximum
number of swapstowards the system’s ranking andRf = Rs.

In this general setup of the ranking task, there is however a issue
for the interpretation of the results. What does it mean for the persua-
sive system that the users change their beliefsaway from the persua-
sive goals that the system was seeking? Was the system extremely
bad? isPersuasiveness < 0 worst thanPersuasiveness = 0? It is
actually difficult to interpret thePersuasiveness metric in its negative
range.

[9] discusses“arguments that backfire”, where the use of fallacy
lowers the audience’s trust in the speaker and thus lowers the effec-
tiveness of the argumentation. This might make the whole persuasion
“backfire”, yielding negative results that will make the audience go
against the speaker persuasive goals, even if they shared initial be-
liefs. This will explain negativePersuasiveness results as the shared
beliefs represented in the initial ranking will be lost and the partici-
pant will provide a final ranking further away from the system’s goal
ranking than the initial ranking. The negative results are thus valid
in their interpretation and can help detect backfiring argumentation
strategies that alienate the audience.

However, an additional issue with this setup of the ranking task
makes it hard to compare between different domains instantiation.
For example, in an extreme case of this general view of the ranking
task, the user can enter an initial rankingRi that is the same as the
rankingRs chosen by the system. In this case, the task of the persua-
sive system is not to persuade users but to keep the same ranking and



the only evolution of ranking that can be observed are swapsaway
from the system’s ranking. In this extreme case, it is not interesting
to compare the persuasiveness metric with another persuasive session
whereRi 6= Rs and where the system would have had to actually do
some persuasioneffort.

To be able to compare different persuasive systems with thisrank-
ing task, the persuasion task, with regards to this ranking task, should
be of comparableeffort. Normalising thePersuasiveness allows to
compare different persuasive task that have a different number of
items, but does not protect from comparing a system persuading the
user to do a little relative number of swaps with a system thathas to
persuade the user of a large relative number of swaps.

A solution to get a uniformPersuasiveness metric, which can be
compared between systems, is to guarantee that each system will
have a comparable persuasiveeffort. This can be guaranteed by
choosing the system’s goal rankingRs to always maximise the per-
suasiveeffortby maximising the number of swaps needed to go from
Ri to Rs. This is guaranteed by choosingRs as the invert ranking of
Ri as shown in the example given above. In this case, the initialdis-
tance between rankings isn×(n−1)

2
wheren is the number of items

in the ranking.
If the ranking task is defined with this constrain, then we can

write the P̄ersuasiveness as defined by equation (9) which implies
that the persuasiveness range is[0,

n×(n−1)
2

] and the normalised
persuasiveness, defined by equation (10), has a range of[0, 1]. If
the participant is not persuaded by the system, thenRi = Rf and
Persuasiveness = 0 but if the system is persuasive, then the partic-
ipant has done the maximum number of swapstowards the system
ranking andPersuasiveness = 1 asRf = Rs.

P̄ersuasiveness =
n × (n − 1)

2
− Kτ (Rf , Rs) (9)

Persuasiveness = 1 −
2 × Kτ (Rf , Rs)

n × (n − 1)
(10)

When designing the persuasive experiment and setting the ranking
task, the researcher should therefore be very attentive that the chosen
system’s goal ranking is always the invert of the user’s ranking. The
system must also be able to achieve such a persuasion.

The non maximised setup of the ranking task is helpful in detect-
ing “backfiring” argumentation which will move the user’s beliefs
away from the system’s goal belief. This provides a good insight of
the argumentation process but is not usable for comparing different
systems’ performances to change the user’s belief. The second mea-
sure, can be used for this purpose as it guarantees the maximisation
of the persuasion, however, nuances of the belief change will be lost
as, in this setup, there is no option for the participant todisagree
more with the system. The goal of the experiment should thus set the
measure to use:

• if the experiment is designed to evaluate the persuasive strategies
of the system, then it is interesting to leave space for the partici-
pants todisagreewith the system and the first measure should be
preferred.

• if the experiment is designed to compare the system’s effective-
ness to change the user’s beliefs between system, then it is rec-
ommended to use the second “maximised disagreement” measure
that removes the bias of the initial belief choice.

4 Sample Experiment and Results

[18, 3] used the desert survival scenario [14] ranking task to evaluate
the persuasiveness of dialogue sessions but did not formalise a gen-
eral persuasiveness metric. In our research, we have used a similar
ranking task based on a different scenario to evaluate a persuasive
system with the formalPersuasiveness metric described earlier. In
this section, we report initial observations on the use of this metric
as well as an example of a different scenario where the ranking task
can be used.

Our research was evaluating a human-computer dialogue system
able to discuss with users to persuade them. The domain chosen to
evaluate this dialogue system was similar to a restaurant recommen-
dation scenario. Twenty-eight participants were told thatthey would
discuss with an automated dialogue system simulating one oftheir
friend in a chat about a shortlist of restaurants where they could bring
mutual friends for dinner.

After having been explained the scenario, the participantsare pre-
sented with a list of ten restaurants described by five attributes (food
quality, cuisine type, cost, service quality and decor) andare asked to
choose three restaurants they would like to propose as possible alter-
natives to their group of friends. They can choose any three restau-
rants and rank them in their order of preference.

The actual dialogue system has access to a database of aroundone
thousand restaurants3, but asking the user to evaluate, in a short time,
all of these restaurants is not realistic. In the same way, asking them
to rank the full list of ten restaurants is not possible and would not
correspond to a natural task that the participants would perform in
real life.

After having given information about their restaurants preference
and a specific restaurants choice, the participants are faced with a
dialogue session with a system simulating a friend that tries to per-
suade them to keep the same selection of three restaurants, but to
choose a different preference order. In this case, to ensuremaximum
persuasioneffort, the system always chooses a ranking of restaurants
that is the invert of the user’s choice.

At the end of the dialogue, the participants are asked to givetheir
final ranking of restaurants reflecting their agreement withthe sim-
ulated friend. This is used as the final ranking to measure theper-
suasiveness of the system. The participants are also asked to fill in a
questionnaire relating to different aspects of the dialogue system. In
this experiment, to evaluate the fitness of our evaluation metric, the
participants are asked to rate the statement “The other user was per-
suasive” on a five points likert scale:“Strongly disagree, Disagree,
Neither agree nor disagree, Agree, Strongly Agree”.

This statement evaluates the persuasion perceived by the partici-
pants during the dialogues. The persuasiveness metric applied in this
case shows that there is a significant correlation between the user
perception and the persuasion measured through the rankingtask
(Spearmanρ = 0.70, p < 0.01)4. This confirms that the measure
is at least as good as asking the question directly to the users. How-
ever, getting such direct measure might bias the answer of the users.

Observation of the answers from the user also shows the need for
a side measure of persuasiveness. In the seven participantsthat an-
swered that they “neither agree nor disagree” to the statement, an
outlying participant that does not perceive a strong persuasion but is
still persuaded more than the other. In this case, the side measure of

3 provided by M.A. Walker from [23]
4 in a similar setup with 52 participants, the same question was asked and also

yields a significant correlation with the persuasiveness measure (Spearman
ρ = 0.38, p < 0.01)
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Figure 2. Correlation Between the Perceived Persuasion and the Measured
Persuasion.n is the number of participants that gave this particular answer.

the rank change allows to see that users were persuaded even if they
did not perceive a strong persuasion from the system.

Similarly, the “strongly agree” answers show that there is adis-
tribution of the persuasiveness measure along the whole axis: some
of the participants that perceived a strong persuasion fromthe sys-
tem did not actually change their ranking5. This illustrates the case
where users do actually feel that they are persuaded but might not
have changed their beliefs accordingly. In which case, the system
cannot be said to be persuasive.

Thus, a side measure of persuasion, that does not directly rely on
participants’ self evaluation can show more information about the ac-
tual persuasion process while staying a good indicator of the system’s
persuasive performances.

5 Ordering of Beliefs vs. Ordering from Beliefs

In belief revision literature, in particular within the AGMmodel [2],
someone’s belief set is represented as a set of consistent axioms on
which operations can be performed to revise or update the beliefs.
Axioms can be added or removed from the set at each revision to
maintain the consistency of the belief set. However, in someone’s
mind, not all beliefs are equal as some are said to be moreentrenched,
and they are harder to remove from the person’s belief set.

This entrenchment affects the possible revisions of the belief set
and can be seen as a preference ordering of beliefs in the person’s
mind. Beliefs higher in one’s preferences will be harder to change
and remove from the belief set than lower beliefs.

Belief revision, which is the base of the persuasion discussed in
this paper is thus seen as an operation on a set of ordered beliefs
that can be extended, reduced or reordered. Thisordering of beliefs
could be seen as similar to the ranking task proposed in this paper:
the ranking represents the entrenchment ordering of the user’s belief
and the system’s task is to make the user revise such ordering.

However, the ranking task is actually less abstract and eachitem
of the ranking does not need to directly map to a belief in the partic-
ipant’s mind. For example, in the ranking task of the desert survival
scenario, each item does not map to one of the participant’s belief (or
an axiom representing such belief).

For instance, two items are available in the desert survivalsce-
nario: an airmap and a compass. Most participants have the belief

5 note that this could also be due to a misunderstanding of the instructions by
some of these participants.

that they can use these two items to find their way out of the desert.
If these two items are ranked high in the initial ranking, thesystem
can assume that the participant holds the following beliefs:

• “I can walk across the desert to find rescue.”
• “I can find my way to rescue on the map.”
• “I can use the compass for orientation on the map.”

The ranking of the compass and the map over a flashlight for example
does not represent a direct preference ranking over beliefsbut that
the participant sees more use for these items than for the flashlight,
becauseof his current beliefs.

In the restaurant domain, the ranking represents the users prefer-
ence towards the restaurants, these preferences are not a direct map-
ping to an entrenchment ordering, but is still related to this concept.
If a user ranked aPizzeriaover aGrill , this might map to a set of
preference ordering over the cuisine type. However, it might also be
that the Pizzeria is cheaper than the Grill.

Another example is the smoking cessation program, the ranking
items could be directly mapped to a set of beliefs related to why
the participant is smoking, such as: “smoking makes me feel better”,
“smoking makes me look cool”, “smoking will kill me”, etc. How-
ever, these might be hard to change as some of the beliefs might be
too entrenched. A different, indirect, ranking task could evaluate the
change of beliefs about smoking while avoiding too much entrench-
ment bias; for example, the participants could be asked to rank a set
of items they would buy first if they had a limited amount of money,
such a set could contain “a bottle of water”, “a pack of cigarettes”,
“a newspaper”, “a lighter”, etc. The reranking of the items relating
to smoking, while not ensuring that the participants will stop smok-
ing, will still show a change in their attitude towards the smoking
behaviour.

The choice of the ranking items should thus not be directly
mapped to a set of ordered beliefs or preferences, but to a setof
items that represent, in practice, a set of knowledge and of prefer-
ences about the domain. The ranking will be guided by the user’s
belief: aranking from beliefs, but might not directly map to therank-
ing of beliefsin the user’s mind.

6 Conclusion and Discussion

In this paper, we have introduced the different approaches of evaluat-
ing systems’ persuasion through the state of the art of automated per-
suasion. We have also formalised a framework providing a reusable
persuasiveness metric that could be used by other researchers to com-
pare different automated persuasion approaches.

The applications illustrated in the paper are short term setups that
cannot evaluate the long term impact on the participants, but actu-
ally, this ranking task can also be used as a measure in long term
evaluations. For example, in the case of the smoking cessation prob-
lem [21], the use of a ranking task might have provided more in-
sight in the beliefs change of the users after the first intervention; six
months later, the same ranking task without extra intervention might
have been used to evaluate the beliefs that remained of the persua-
sion, even if the participants did not stop smoking. Such ranking task
would have thus given more insight on why the system was not ef-
fective.

This paper provides sample results that show that the proposed
persuasive measure is at least as good as directly asking theuser
about the persuasion while providing ahiddenmeasure that does not
bias the participants. It remains to be shown if this measurecorre-
lates with actual behaviour change. This was not in the scopeof our



research but will have to be evaluated if researchers have touse the
measure in more complex domains where the user’s personal beliefs
might not have a strong weight in comparison to the social norms
affecting the behaviour.

In addition, the change in the ranking evaluates a change in the
user’s attitude but might not be directly linked to persuasion as such a
change might come from coercion and threats. Thus a measure of co-
ercion is required to ensure that the change measured by the proposed
metric comes actually from persuasion. For example, to evaluate co-
ercion, in the reported sample experiment, the user was directly asked
the question: “The other user was not forceful in changing your opin-
ion” which did not show to correlate with the persuasivenessmetric.

We have shown that the ranking task can be applied to different
domains, however, to use such a task, the persuasion must be per-
formed on a domain where behaviours or attitudes can be mapped to
a ranked set of items. It is clear that not all persuasive domains can
be reduced to a ranking task. In addition, doing such reduction might
limit artificially the scope of research on automated persuasion.

We believe that the formalisation of the ranking task as a frame-
work for evaluating persuasive systems is a first step towards find-
ing an appropriate evaluation methodology for comparing persuasive
systems. It is important for the development of the field of automatic
persuasion and natural argumentation that researchers extend their
work on a set of standard evaluation frameworks that can be used to
evaluate and compare systems on long and short term changes in the
user’s beliefs, attitude and behaviours. In addition, thispaper only
discussed the problem of evaluating the existence and ranking of be-
liefs linked to a behaviour, but the problem remains to find a task to
evaluate the social norms influencing the behaviour.
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