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Abstract.
suasion, there has not been any clear definition of the peEveumess
of a system trying to influence the user. In this paper, weriEsa
general evaluation task that can be instantiated on a nuoflu-

mains to evaluate the beliefs change of participants. Tdirdbe use
of a ranking task, we can measure the participant’s chanpeliefs

related to a behaviour or an attitude. This general mettawal a
better comparison of state of the art persuasive systems.

1 Motivation and Related Work

In novel fields of research, researchers often want to cosnfbesir
approaches and the efficiency of their research. Thus, sideghe
new field a research movement is created to develop robulstaeva
tion frameworks that can provide comparative results ame¥alua-
tions of research output for the field. For example, in thedmiation
Retrieval field, the researchers have long studied diffeestniques
of evaluation and selected the precision/recall measthras,creat-
ing a framework of measures that can be used by all researahdr
create evaluation campaigns such as the Text REtrievaleGemies
(TRECht t p: //www. trec. ni st.gov).

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

Existing research already provides examples of evaluagoh-
niques for persuasion. For instance [4] uses a long ternuatiah
procedure to follow the change of students’ behaviour whgnd to
persuade them to walk more. The measure of persuasivertess in
duced by the authors is computed from the evolution of stepstc
for each participant, showing the change in walking behavid the
students over one month. In this experimental setup, threarekers
need a large amount of resources and time to provide pedsrete
students, motivate them to use the system on a long term &adis
wait for results; this amount of resources are not alwaygabla to
all researchers. In addition, following a long term behavichange
is not an atomic setup and it is difficult to control for evexteznal
factors that can influence the user’s behaviour.

[21] describes a smoking cessation program that tries ®up€ele
participants to stop smoking through tailored letters. Tkers are
asked if they think they will stop smoking in the month or sigmths
following the reading of the letter. Participants were adsked if
they had actually quit six month after the intervention.Histexper-
iment, the authors show that there is no difference in theghaf
behaviour between the control group and the group that thadsi-
lored letters. The authors acknowledge that their experiraed trial
was too small to show any statistical evidence. It is in fafftcdlt
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In the field of natural argumentation and computer per-with such binary observation to extract enough data andatgen-

eral problem to be able to find enough participants to followsoach
a long term experiment.

In behavioural medicine, many measures have been develdppe
evaluate the changes in different mental constructs assakcio be-
haviour change. [11], for example, proposes a questioarnaieval-
uate the stage of change (see [20]) of participants withénptin
treatment domain, while [15] develops a scale to measure\tbie-
tion of self efficacy in the domain of arthritis treatment.

Other persuasive system researches take a more concisaelppr
by evaluating a change during the persuasive session oftamak
representation of the user’s intentions towards a behavier in-
stance [8] evaluates an embodied conversational agentadinga
real estate agent by comparing the amount of money thatslén
prepared to spend on a house before and after the interacition
the estate agent. The estate agent tries to convince users/ta
house fifty percent more expensive than what they are agtesitly
to spend. The persuasiveness of the system is evaluatedhipdaat
the increase in the user’s budget after the interaction.miéasure is
between zero percent to 100% increase relative to the tmgease
chosen by the system.

[18] tries to evaluate the effect of distance over persua$io
computer mediated communication. The author uses a setapfo
ing the desert survival scenario [14] where participantseha rank
a set of items relating to their survival in the desert. Ataving
given an initial ranking, the participants are then facethwiersua-
sive messages relevant to these items and finally give anguokithe
same items after the persuasive session. The author usesasare
of persuasion the distance between the participant’s famking and
the ranking of the persuader. [7] introduces a variatiomefranking
task in the domain of house buying; instead of having to teeafull
list of items (houses in this case), the participants arsyzsafed to
insert a new item in their initial ranking. This evaluatioreasures
how many users actually chose the new alternative and whege t
ranked it in the initial ranking. These measures allow thin@ns to
evaluate the persuasion and the effectiveness of theitgjlof the
arguments.

We believe that a ranking task such as the one used by [18}zan a
ply to different domains and be used as a common evaluatidrione
to compare persuasive systems. In this paper, we groundatioiity
of this ranking task in theory of persuasion and describermdt-
sation of the ranking task that provides an evaluation mé&ricon-
trolled experiments that can be more robust to externabfakitalso
provides a standard measure available in many domains ahdah
be compared between researches. We also conclude thatigreere
need for more research in persuasion evaluation framewonkelp
the development of the automatic persuasion and natunairengta-
tion field.



2 Behaviour and Belief Change

When thinking of persuasion, the immediate indicator ofcess is
a change in the behaviour of the persuaded subject; in fagtpfo-
posed the following definition dPersuasive Communication

“Any message that is intended to shape, reinforce or chdrege t
responses of another or othefsdm [22], p. 4

It is generally accepted that tlffehanged responsestefers to ei-
ther a change in behaviour or a change in the attitude towtheds
behaviour (see [22]). However, behaviours can take mamgga@nd
the method of evaluating of a change in behaviour will beediff
ent for every application domain. For instance [4] tries taleate

relations between these layers of practical reasoningrifg to ra-
tionalise this relationship between beliefs and goals -Atamtions —
in the practical reasoning models close to BDI.

Evaluating a change of behaviour can thus be done, accotoling
this model, by evaluating a change in the beliefs linked ® k-
haviour or a change in the influences of social norms. In arothed
experiment, one can choose to evaluate one or the otherendep
dently.

In particular, in a controlled experiment were the changsoitial
norms’ influence is controlled for — on a short term evaluatior
example —, researchers can evaluate a change in beliefvalndte
the persuasion as a change in the attitude towards a behastead
of direct behaviourial observation.

a change in walking behaviour and uses the number of stepsra us Beliefs can be linked to the judgement of a behaviour, but &is

performs as a measure of behaviour change. In another lzehfite

domain, [21] tries to convince participants to stop smokthg eval-
uation output is thus the number of participants that stdgyeok-

ing. [4] describes a continuous evaluation value for eactigigant

that is hard to port to other domains whereas [21] descriti@saay

value that does not provide powerful data for analysis betsy to
understand. Both evaluation methods consider a changéaf/weir

and provide the authors with a tool to demonstrate the psisia
ness of their system. However, it is difficult for the readentake a
comparison between the approaches’ performances.

However, research in sociology and persuasive commuaicati
shows that intentions towards a behaviour can be modelladuax-
tion of the user’s beliefs about such behaviour and the boorens
influencing the user. For instance, [1] presents the ThebiRea-
soned Action that is designed to predict onietention (/) to per-
form a particulaibehaviour(B) as a functionf of one’sattitudeto-
ward this behaviour4 g) and of thesubjective normghe behaviour

some external representation. For example [8] uses sudhritgie
to evaluate the persuasiveness of their embodied conierabagent
where instead of measuring the actual buying behaviourdadf ke
system is persuasive, the authors use a view of the attitvasrds
this behaviour given by the amount of money participantgeaey
to spend. However, this measure stays limited to the domain.

In this paper, we discuss beliefs that can be linked to belasgi
intentions as well as to a ranking between a set of items, wivie
believe can be applied to various domains and can provideagumne
for comparison between researches. [18, 3] use the dessrarso
task to provide a ranking task to participants: they are tiodd they
are stranded in the desert after a plane crash and shouldaraek
of items (compass, map, knife, etc.) according to theiruleets for
the participants’ survival. The resulting ranking provdden external
representation of the set of beliefs each participant hased about
the utility of each item.

The ranking does not provide a detailed view on every inlerna

is exposed to§ Ng). Equation (1) represents this influence, where belief that the user holds about the situation, howevethéf user
W, and W> are the personal importance attributed to each compo€hanges this ranking, this change represents a measutstigesin

nent:

The attitude is defined by (2) wheré; is the ‘belief valué and e;
is the “evaluatiori of that belief,
The subjective norms is defined by (3) wheré; is the ‘normative

belief valué. i.e. the reference belief of the group the receiver

considers himself in —angh; the “motivatior to follow the group
beliefs.

IB:f(W1XAB+W2XSNB) (1)
AB:ZbiXEi (2
SNg =Y b xm; ®

The standard example provided in persuasive communicksobare
books ([22] for example) relates to the act of filing and pgytizxes.
The beliefb; would then be “l should file taxes” and the final in-
tention /g “I will file my taxes”. The usual attituded 5 towards the
behaviour is very low as its evaluation in the person’s mabiv,
however, the social norms, influenced by laws and peer messte
high. Thus, at the end, the intention towards the behavieutiil
high and the taxes will be filed and paid.

A similar representation of human reasoning was developttinv
the Belief-Desire-Intention (BDI) model [5]. This model stgibes
the actual intention of realising an action — or a behaviouhat
is linked to someone’s desires about this behaviour andelying
world representation contained in its beliefs. Howevef,d&es not
provide a model as strict as the one proposed by [1] to desthid

the internal beliefs. According to the Theory of Reasonetiohahis
change in beliefs has an impact on the user’s intention wsvtre
behaviour, and we can assume that the measured persuasian ha
influence on the behaviour too.

3 Measuring Persuasiveness

The ranking task provides an observation of the user’s fselfeat
can be used to extract a metric evaluation that can be shakd a
compared between research domains. In this section, wergriée
general metric measure that can be used and consider diffisre
sues in implementing a ranking task and applying the perserasss
metric.

When participating in a ranking task, the participants fgise
their preferred initial ranking?; of items (for example, in the desert
scenario task: knife, compass, map, ...) and then engagghrihe
persuasive system which attempts to change the partisipanking
to a different rankingRs; at the end of the persuasion session, the
participants can change their items choice to a final rankipgsee
figure 1).

The persuasiveness of the session is measured as the @valfiti
the distance between the user’s rankings, (Ry) and the system’s
goal ranking R;). If the system is persuasive, it changes the user’s
beliefs about the items ranking towards a ranking similgh&osys-
tem’s ranking. The change of beliefs is reflected by the diaiwf
the distance between rankings as defined by equation (4).

P = A(d(Ry, Rs),d(Ri, Rs)) (4)



3.1 Swap measure

knife R water R
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Figure 1. Desert Scenario Ranking Task Example

There exist a number of distance measures between ranki8gs [
10, 12]. The Kendal- coefficient is generally used to measure a dif-
ference between rankings. However, this measure is notrécraatl
is not always straightforward to interpret. A part of the Kah 7
coefficient is however a metric and provides an intuitive soea in
the ranking task. ThéKendall = permutation metric’[13] is used
to compute the pairwise disagreement between two rankings:-
suring the number of swaps between adjacent items to getdram
ranking to the other ranking. The Kendallpermutation metric be-
tween the rankings?; and R; is defined in Equation (8)where
P.irs is the set of all possible pairs of items 8f and Rs.

K (Ri,R2)= Y Kij(Ri,Ra) )
{i,5}€Pairs
0 if the pair of items; and;j are in the same

K; ;j(Ri,R2) = order in the two rankings

1 otherwise
(6)
Equation (7) defines the evolution of the Kendalpermutations
metric during the persuasive session and provides a metigaion
of the system’s persuasiveness.

Persuasiveness

A(K-(Ri, Rs), K-(Ry, R))
K‘r(Ri7 Rs) - KT(Rf7 RS)

= (7
For example, if the user’s initial ranking of the itemshis =
map > flashlight > compass and the system goal ranking is
Rs = compass > flashlight > map. The Kendallr permuta-

tions metric is calculated with the table of pairs:

R; Rs K(Ri, Rs)
map> compass mag. compass 1
map > flashlight map< flashlight 1
flashlight> compass flashlight compass 1
K, (Ri, Rs) 3

If the final user ranking iRy = flashlight > compass >
map, the table of pairs is:

2 from [10]

Rf Rs K(Rf, RS)
compass> map compass- map 0
flashlight> map flashlight> map 0

flashlight > compass  flashlight< compass 1
K. (Rys,Rs) 1

At the beginning of the persuasive session, the distanceaig-m
mum between the two rankings — three swaps are needed — wherea
at the end of the session, only one swap is required. The gEvsu
ness metric is then?., suasivencss = 3 — 1 = 2.

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

nx(mn—1) nx((n-1)
[_ 2 ’ 9 ]

To be able to compare different persuasive systems thatbaarr
heterogeneous ranking task with different numbers of itemesneed
to normalise this persuasiveness measure as defined byoeq(8jt

2 X (K—,—(Rz,Rs) — KT(Rf?RS))
nx (n-—1)

®

Pe'r.sua.si'ueness =

3.2

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

Interpretation and Constrains

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

A null P.rsuasiveness Means that the participant did not change
the ranking and that the system was not persuasive.
ThemaximumPe,suqsiveness COrresponds to a successful persua-
sion of the system as the participants will have done the mmauxi
number of swapsowards the system’s ranking anity = R..

In this general setup of the ranking task, there is howevesaei
for the interpretation of the results. What does it meanterdersua-
sive system that the users change their betiefay from the persua-
sive goals that the system was seeking? Was the system ekgrem
bad? ispersuasiveness < 0 worst thanpersuasiveness = 0?ltis
actually difficult to interpret thé>.; suasiveness Metric in its negative
range.

[9] discussesarguments that backfire] where the use of fallacy
lowers the audience’s trust in the speaker and thus lowersfthc-
tiveness of the argumentation. This might make the wholsyzeion
“backfire”, yielding negative results that will make the @arnte go
against the speaker persuasive goals, even if they shatied le-
liefs. This will explain negativeP., suasiveness results as the shared
beliefs represented in the initial ranking will be lost ahd partici-
pant will provide a final ranking further away from the systegoal
ranking than the initial ranking. The negative results éwestvalid
in their interpretation and can help detect backfiring argotation
strategies that alienate the audience.

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



the only evolution of ranking that can be observed are sveayes/
from the system’s ranking. In this extreme case, it is natrizdting
to compare the persuasiveness metric with another peveisession

4 Sample Experiment and Results

[18, 3] used the desert survival scenario [14] ranking tastvaluate

whereR; # Rs and where the system would have had to actually dothe persuasiveness of dialogue sessions but did not faenalgen-

some persuasiogffort

To be able to compare different persuasive systems withidhis-
ing task, the persuasion task, with regards to this ranlisk, should
be of comparableffort. Normalising thePe,suasiveness allows to
compare different persuasive task that have a differentbeurof
items, but does not protect from comparing a system pensgdbe
user to do a little relative number of swaps with a system lthatto
persuade the user of a large relative number of swaps.

A solution to get a uniformPe; suasiveness Metric, which can be

eral persuasiveness metric. In our research, we have udetlars
ranking task based on a different scenario to evaluate aps®
system with the formaP.,syasiveness Metric described earlier. In
this section, we report initial observations on the use of thetric
as well as an example of a different scenario where the rgrikisk
can be used.

Our research was evaluating a human-computer dialoguersyst
able to discuss with users to persuade them. The domainrchose
evaluate this dialogue system was similar to a restauraohremen-

compared between systems, is to guarantee that each syslem wdation scenario. Twenty-eight participants were told thay would
have a comparable persuasigéfort This can be guaranteed by discuss with an automated dialogue system simulating oribeaf

choosing the system’s goal rankirig to always maximise the per-

friend in a chat about a shortlist of restaurants where toejddoring

suasiveeffort by maximising the number of swaps needed to go frommutual friends for dinner.

R; to R;. This is guaranteed by choosif) as the invert ranking of
R; as shown in the example given above. In this case, the idisal
tance between rankings &<2=L wheren is the number of items
in the ranking.

After having been explained the scenario, the participardégpre-
sented with a list of ten restaurants described by five ateb(food
quality, cuisine type, cost, service quality and decor) amhsked to
choose three restaurants they would like to propose asppesdier-

If the ranking task is defined with this constrain, then we cannatives to their group of friends. They can choose any thestau-
write the Py cuasivencss as defined by equation (9) which implies rants and rank them in their order of preference.

that the persuasiveness range[(]sw] and the normalised

persuasiveness, defined by equation (10), has a rang# Hf If
the participant is not persuaded by the system, tRen= Ry and

The actual dialogue system has access to a database of ameind
thousand restauraritdut asking the user to evaluate, in a short time,
all of these restaurants is not realistic. In the same w&yngshem

Persuasiveness = 0 but if the system is persuasive, then the partic- to rank the full list of ten restaurants is not possible andilvaot

ipant has done the maximum number of swapsards the system
ranking andPe.,suasiveness = 1 SRy = R..

Persuasiveness = W - K- (Rf? RS) (9)
Persuasiveness = 1- M (10)
nx(n-—1)

When designing the persuasive experiment and setting i@z
task, the researcher should therefore be very attentivértb@ahosen
system’s goal ranking is always the invert of the user’s ragkThe
system must also be able to achieve such a persuasion.

The non maximised setup of the ranking task is helpful inctete
ing “backfiring” argumentation which will move the user’slieés
away from the system’s goal belief. This provides a goodyintsof
the argumentation process but is not usable for compariffey it
systems’ performances to change the user’s belief. Thendetea-
sure, can be used for this purpose as it guarantees the nsaioni
of the persuasion, however, nuances of the belief chandg®evibst
as, in this setup, there is no option for the participantigagree
more with the system. The goal of the experiment should tatthe
measure to use:

o if the experiment is designed to evaluate the persuasiategies
of the system, then it is interesting to leave space for thégpa

pants todisagreewith the system and the first measure should be

preferred.
o if the experiment is designed to compare the system’s @féect

correspond to a natural task that the participants woulétbparin
real life.

After having given information about their restaurantsf@rence
and a specific restaurants choice, the participants arel fatth a
dialogue session with a system simulating a friend thas tioeper-
suade them to keep the same selection of three restaurants b
choose a different preference order. In this case, to emsar@mum
persuasiorffort, 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 tothieie
final ranking of restaurants reflecting their agreement withsim-
ulated friend. This is used as the final ranking to measureéhne
suasiveness of the system. The participants are also askédrt a
questionnaire relating to different aspects of the diadogystem. In
this experiment, to evaluate the fitness of our evaluatiotrioyéhe
participants are asked to rate the statem&ht“other user was per-
suasivé on a five points likert scal€':Strongly disagree, Disagree,
Neither agree nor disagree, Agree, Strongly Agree”

This statement evaluates the persuasion perceived by theipa
pants during the dialogues. The persuasiveness metriedpplthis
case shows that there is a significant correlation betweeruser
perception and the persuasion measured through the ratéskg
(Spearmarp = 0.70, p < 0.01)*. This confirms that the measure
is at least as good as asking the question directly to thes.udlemw-
ever, getting such direct measure might bias the answeeafgérs.

Observation of the answers from the user also shows the oeed f
a side measure of persuasiveness. In the seven participantan-
swered that they “neither agree nor disagree” to the stattrae
outlying participant that does not perceive a strong peisacbut is
still persuaded more than the other. In this case, the sidsune of

3 provided by M.A. Walker from [23]

ness to change the user’s beliefs petween system, thenei€is 1 4 i 3 similar setup with 52 participants, the same questionasied and also
ommended to use the second “maximised disagreement” ngeasur yields a significant correlation with the persuasivenesasue (Spearman

that removes the bias of the initial belief choice.

p=0.38,p < 0.01)
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Figure 2. Correlation Between the Perceived Persuasion and the Mehsu
Persuasiona is the number of participants that gave this particular answ

the rank change allows to see that users were persuadedf ¢ey i
did not perceive a strong persuasion from the system.

Similarly, the “strongly agree” answers show that there disa
tribution of the persuasiveness measure along the whote ssine
of the participants that perceived a strong persuasion frearsys-
tem did not actually change their rankig his illustrates the case
where users do actually feel that they are persuaded butt majh
have changed their beliefs accordingly. In which case, ftstem
cannot be said to be persuasive.

Thus, a side measure of persuasion, that does not direbtlpme
participants’ self evaluation can show more informatioawttihe ac-
tual persuasion process while staying a good indicatoreo$yistem’s
persuasive performances.

5 Ordering of Beliefs vs. Ordering from Beliefs

In belief revision literature, in particular within the AGModel [2],
someone’s belief set is represented as a set of consistiemson
which operations can be performed to revise or update thefbel

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

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

The ranking of the compass and the map over a flashlight fonphea
does not represent a direct preference ranking over bdligfshat
the participant sees more use for these items than for thai¢las
becausef his current beliefs.

In the restaurant domain, the ranking represents the useferp
ence towards the restaurants, these preferences are metardap-
ping to an entrenchment ordering, but is still related ts tiincept.
If a user ranked #®izzeriaover aGrill, this might map to a set of
preference ordering over the cuisine type. However, it tnédgo be
that the Pizzeria is cheaper than the Grill.

Another example is the smoking cessation program, the mgnki
items could be directly mapped to a set of beliefs related by w
the participant is smoking, such as: “smoking makes me fetéty,
“smoking makes me look cool”, “smoking will kill me”, etc. Mo
ever, these might be hard to change as some of the beliefg bégh
too entrenched. A different, indirect, ranking task couldleate the
change of beliefs about smoking while avoiding too muchesrdh-
ment bias; for example, the participants could be askednio asset
of items they would buy first if they had a limited amount of ragn
such a set could contain “a bottle of water”, “a pack of cigas,
“a newspaper”, “a lighter”, etc. The reranking of the iterstating
to smoking, while not ensuring that the participants widssmok-
ing, will still show a change in their attitude towards theakimg
behaviour.

The choice of the ranking items should thus not be directly
mapped to a set of ordered beliefs or preferences, but to af set
items that represent, in practice, a set of knowledge andefep
ences about the domain. The ranking will be guided by the'suser
belief: aranking from beliefsbut might not directly map to thenk-
ing of beliefsn the user’s mind.

Axioms can be added or removed from the set at each revision to

maintain the consistency of the belief set. However, in somé
mind, not all beliefs are equal as some are said to be srdrenched
and they are harder to remove from the person’s belief set.

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

Belief revision, which is the base of the persuasion diseiss
this paper is thus seen as an operation on a set of orderexsbeli
that can be extended, reduced or reordered. diusring of beliefs
could be seen as similar to the ranking task proposed in t#pgmp
the ranking represents the entrenchment ordering of thésuradief
and the system'’s task is to make the user revise such ordering

However, the ranking task is actually less abstract and geoh
of the ranking does not need to directly map to a belief in drti@-
ipant’s mind. For example, in the ranking task of the desemntigal
scenario, each item does not map to one of the participaaiisfijor
an axiom representing such belief).

For instance, two items are available in the desert sunguat
nario: an airmap and a compass. Most participants have tief be

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

6 Conclusion and Discussion

In this paper, we have introduced the different approachegabuat-
ing systems’ persuasion through the state of the art of aatexirper-
suasion. We have also formalised a framework providing aaiele
persuasiveness metric that could be used by other resesitolvmm-
pare different automated persuasion approaches.

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

This paper provides sample results that show that the peopos
persuasive measure is at least as good as directly askingstre
about the persuasion while providindi@denmeasure that does not
bias the participants. It remains to be shown if this measoree-
lates with actual behaviour change. This was not in the sobper



research but will have to be evaluated if researchers hausedhe

measure in more complex domains where the user’s persolneafisbe

might not have a strong weight in comparison to the sociaimsor

affecting the behaviour. [13]
In addition, the change in the ranking evaluates a changkein t

[12]

user’s attitude but might not be directly linked to persaasis sucha  [14]
change might come from coercion and threats. Thus a meakcwe o [15]
ercion is required to ensure that the change measured byadpesed
metric comes actually from persuasion. For example, tauetalco-
ercion, inthe reported sample experiment, the user wastljiessked  [16]

the question: “The other user was not forceful in changing ypin-
ion” which did not show to correlate with the persuasivermassric.

We have shown that the ranking task can be applied to differer‘[17]
domains, however, to use such a task, the persuasion musrbe p
formed on a domain where behaviours or attitudes can be rddppe
a ranked set of items. It is clear that not all persuasive dmsnzan (18]
be reduced to a ranking task. In addition, doing such redoetiight
limit artificially the scope of research on automated pessma

We believe that the formalisation of the ranking task as méa
work for evaluating persuasive systems is a first step tosvéind-
ing an appropriate evaluation methodology for comparingyesive
systems. It is important for the development of the field adbeatic
persuasion and natural argumentation that researchezadetteir
work on a set of standard evaluation frameworks that can &ée ts
evaluate and compare systems on long and short term chantes i
user’s beliefs, attitude and behaviours. In addition, g@ger only
discussed the problem of evaluating the existence andngumifibe-
liefs linked to a behaviour, but the problem remains to findsktto
evaluate the social norms influencing the behaviour.

(29]
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