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Temas

Transparencia y Explicabilidad
Controlabilidad
Visualizaciones e Interactividad

Algunos ejemplos para evaluacién de |la
experiencia del usuario

Frameworks para evaluacion

— Pearl Pu

— Bart Knijnenburg



Por qué evaluacién centrada en el
usuario?

* Mayoria de investigacion evalua resultado de
recomendaciones off-line.

* Mejoras pequeinas de prediccidon en los
algoritmos no siempre se traducen en una
mejor percepcion de los usuarios (Konstan &

Riedl 2012)

* La precision de los algoritmos es solo uno de
os factores que influencian la aceptacion de
as recomendaciones por parte de los usuarios




Explicabilidad

* Capitulo en “HandBook of Recommender
Systems” [Tintarev & Masthoff, 2012]

* Ellas proponen algunas direcciones generales
para disefar explicaciones para SisRec

— Considerar beneficios a obtener (proposito)

— Evitar (o buscar) relacion con funcionamiento del
recomendador

— Presentaciony forma de interaccion

— Relacion entre algoritmo y tipo de explicaciones



1. Criterios de Explicacion

1.1 Transparencia Explicar como funciona el sistema

1.2 Escrutabilidad Dejar al usuario indicar que el sistema comete un error
1.3 Confianza Incrementar confianza del usuario en el sistema

1.4 Efectividad Ayudar al usuario a tomar buenas decisiones

1.5 Persuasion Convencer a usuario a probar o a comprar

1.6 Eficiencia Ayudar a usuarios a tomar decisiones mas rapido

1.7 Satisfaccion Aumentar facilidad de uso o el disfrute en el sistema



1.1 Transparencia

 Ejemplo a partir de articulo del Wall Street
Journal:

“If TiVo Thinks You Are Gay, Here’s How to Set It
Straight”

* Un usuario sospechoé que TiVo penso que él era
homosexual pues el sistemacomenzoé a grabar
automaticamente estos programas.

* En el articulo, se explica que este es un caso en
gue un usuario podria requerir transparencia en
el algoritmo recomendador.



Escrutabilidad

Permitir al usuario inpeccionar o “escrutar” el
resultado de la recomendacion

* Si bien esta relacionado con transparencia, se
sugiere identificar y separarlo como item.

[ Home  Contents  Your Profile  Make Notes  Change Topic J ]
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Fig. 15.1: Scrutable holiday recommender [21]. The explanation is in the circled
area, and the user profile can be accessed via the “why’” links.



Escrutabilidad
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Confianza

* Mayor transparencia y posibilidad de
interactuar con el recomendador esta
asociado en varios estudios con mayor
confianza en el sistema

* Podria estar asociado directamente a la
orecision de prediccion de la recomendacion,

nero no siempre!

* Una buena métrica de confianza: Lealtad del
usuario en volver a usar el sistema




Confianza

* Dos trabajos muestran que

confianza/satisfaccion y prediccidon no siempre
estan correlacionados

McNee et al. Don't look stupid: avoiding pitfalls

when recommending research papers. CSCW
(2006)

Cramer et al. The effects of transparency on
trust in and acceptance of a content-based art
recommender. UMUAI 18(5), 455-496 (2008).



Persuasion

* Uno de los primeros trabajos en el area de
“explicabilidad” de recomendaciones
intentaba explicar al usuario las
recomendaciones hechas; probaron 21
métodos posibles.

* El autor del paper en algun momento llamo la
atencion de no considerar ese estudio como el
modelo de explicabilidad, ya que hacer al
usuario consciente de una decision y
persuadirlo puede tener efectos importantes



Persuasion Il

Your Neighbors' Ratings for this
Movie

25 - 23
2
8 20
=
o
@ 15
=
k)
E s 3
S I

0 - r
1'sand 2's 3's 4'sand 5's
Rating

Fig. 15.2: One out of twenty-one interfaces evaluated for persuasiveness - a his-
togram summarizing the ratings of similar users (neighbors) for the recommended
item grouped by good (5’s and 4’s), neutral (3’s), and bad (2’s and 1’s), on a scale
from 1 to 5 [29].

Herlocker,J.L.,Konstan,J.A.,Riedl,J.:Explaining collaborative filtering recommendations.

In: ACM conference on Computer supported cooperative work, pp. 241-250 (2000)



Efectividad

* Conectado con la definicion anterior, la
explicacion/persuasion de una recomendacion
debiese estar asociada a una buena percepcion
del usuario

* “Vig et al. measure perceived effectiveness: “This
explanation helps me determine how well | will
like this movie.” [62].”

* Se podria medir como la diferencia entre |a
percepcion del item al momento de elegirlo y
despuées del consumo.



Efectividad I
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Fig. 15.3: The Neighbor Style Explanation - a histogram summarizing the ratings of
similar users (neighbors) for the recommended item grouped by good (5’s and 4’s),
neutral (3’s), and bad (2’s and 1’s), on a scale from 1 to 5. The similarity to Figure

15.2 in this study was intentional, and was used to highlight the difference between
persuasive and effective explanations [11].



Efectividad Il

Table 15.3: The keyword style explanation by [11]. This recommendation is ex-
plained in terms of keywords that were used in the description of the item, and that
have previously been associated with highly rated items. “Count” identifies the num-
ber of times the keyword occurs in the item’s description, and “strength” identifies
how influential this keyword is for predicting liking of an item.

Word Count Strength Explain

HEART 2 96.14 Explain

BEAUTIFUL 1 17.07 Sﬁplainz

MOTHER 3 11.55 Explain

READ 14 10.63 / Explain

STORY 16 9.12 ~ Explain

P

Title Author Rating |Count
Hunchback of Notre Dame Victor Hugo, Walter J. Cobb 10 11
Till We Have Faces: A Myth Retold C.S. Lewis, Fritz Eichenberg 10 10
The Picture of Dorian Gray Oscar Wilde, Isobel Murray 8 5




Eficiencia

* Bajo este parametro, los tipos de
explicaciones debieran optimizarse por
dominio para elegir entre opciones que
compiten. Por ejemplo, en camaras

<<”Less Memory and Lower Resolution and
Cheaper” >>

Altamente usado en “Conversational” SisRec,
donde el usuario refina iterativamente sus
preferencias.



Satisfaccion

* Esta es probablemente la métrica que
resumen de mejor forma el objetivo de un
sistema recomendador

e Existen algunos instrumentos (cuestionarios
con varios sets de preguntas) que intentan
medir esta dimension. Lo veremos en mas
detalle en User Centric Evaluation
Frameworks.



Visualizaciones
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Figure 1. A screenshot of the Opinion Space 1.0 interactive map. Each point corresponds to a user and comment. The point with
the halo indicates the position of the active user: green points correspond to comments rated positively by the active user, and red
points correspond to comments rated negatively. Larger and brighter points are associated with the comments that are rated
more positively by the user community.
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Related work on Visual RS - 6
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Related work on Visual RS - 7

Moodplay
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Discovery and
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(UMAP 2016)

Browse  Hel Your recommendations

Add arsst

Aists in he playkst

Add of remove artists 1o get
new recommendations
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three sections: (a) pane for entering artist names, (b) latent
mood space visualization, (¢) recommendation list, along with
slider for adjusting mood influence
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Controlabilidad



¢ Por qué controlabilidad?

* Beyond prediction accuracy, transparency and
explainability in #recsys have proved to be
related to user satisfaction.

* Studies show an effect of controllability on
user satisfaction (papers |, II, [l1l) ¥ now the
details are still not completely clear

* What has not been studied?

— Insights from our TalkExplorer studies (submitted
to [UI)



Paper |

Bart P. Knijnenburg, Niels J.M. Reijmer, and
Martijn C. Willemsen. 2011. Each to his own:
how different users call for different interaction
methods in recommender

systems. In Proceedings of the fifth ACM
conference on Recommender systems (RecSys
'"11).



Paper |

Recommender for Energy-saving measures

Main message: Controllability matters, but
mainly for experts. For novices, a TopN
recommendation without too much control
led to better user satisfaction
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Figure 2. Screen shown to users when they click on an item



Paper I

e Bart P. Knijnenburg, Svetlin Bostandjiev, John
O'Donovan, and Alfred Kobsa. 2012.
Inspectability and control in social
recommenders. In Proceedings of the sixth
ACM conference on Recommender
systems (RecSys '12).



Paper I

Study on TasteWeights: New System
introduced at RecSys 2012

Facebook music recommender

Gives user controls and explains how they
came about

Study with 267 (recruited in craiglist and
mechanical turk)



Paper I
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Paper I

 Summary of Results

— Positive effects of inspectability and control, but
several nuances

— In the full graph condition, people “recognize” more
recommendation, leading to better trust but lower
system satisfaction (diff than recomm. Quality)

* Personal Characteristics:

— Trusting propensity positively correlated with user
satisfaction

— Music experts feel less in control (bands to filter might
be too rough) but have an overall positive perception
of the system



Paper Il

* Yoshinori Hijikata, Yuki Kai, and Shogo Nishida.
2012. The relation between user intervention
and user satisfaction for information
recommendation. In Proceedings of the 27th
Annual ACM Symposium on Applied
Computing (SAC '12)



Paper Il

 Terms: User Intervention instead of Control
e Study on Music Recommendation, 84 users

 Methods of user intervention
— Rating: usual explicit feedback
— (Cl) Context Input: When / Where / With Whom

— (CAS) Context attribute selection: country, gender,
sex, unit, year

— (PE) Profile Editing: not clear, but the highest level
of intervention



Paper Il

* Condition: 100 songs used for learning, 1000
for testing (experiment itself)

e 1ststep: gather data from user to build
recommendations

e 2" step: randomly assign to each user 2 of the
conditions: ratings, Cl, CAS, PE



Paper Il - results

“wr

... Therefore, results show that the changes
of recommendation results by user
interventions improve the precision...

(o

(a) With nterventon feedback (b) Without intervention feadback
08 08
44 r 44
‘2 ~ A ‘2 =
+« 4 075 s 075
‘ - pr— ‘ —
S . 4 e i ; A . .
s 38| # 3 $as | 5
) b | o 3
“ 407 g . 407 3
838 . — 19 ; 238 | - ‘ 0 g
a = a
A 34 I b - ‘2 34 F
i2 F ' 1 085 32 F -4 085
>
28 . L . 08 28 L . L 08
Rating CI CAS PE Ratng ClI CAS PE

Iza'e::-:n —— Sat-purchase —+— Sat-fistening —— Sat "ne'e:tl

l'.i'_','.lt‘l' .} Hl'l;ttiurl hetween user intervention. pred ision and

user satisfaction



Considering group of people with
effect of interest degree

Paper Il - results
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Summary paper Il

* When system recommends items with high
precision to users with high interest in music,
the more the user intervenes -> the better
the user satisfaction

e NEVERTHELESS, It is still unclear whether user
intervention itself influences user satisfaction



PAWS insigths

* Ahn, Jae-wook and Brusilovsky, Peter and
Grady, Jonathan and He, Daging and Syn, Sue
Yeon. 2007. Open user profiles for adaptive
news systems: help or harm? WWW 2007

* Verbert, Parra, Brusilovsky. 2013. Visualizing
Recommendations to Support Exploration,
Transparency and Controllability
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SetFusion vs. TalkExplorer



Drawback: Visualizing Intersections
* Venn diagram: more natural way to visualize
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Results of Studies | & Il

Avg. Effectiveness

e Effectiveness

increases with
intersections of
three entities 0.50 . more entities
_ e Effectiveness wasn’t
xplorations . :
affected in the field
oneentity - 234 StUdy (StUdy 2)
— - * ... but exploration
‘hree entities —8 : 4 1
- distribution was
o affected
“Userstudy 1 = User study 2
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TalkExplorer vs. SetFusion

. Comparmg dlstrlbutlons of explorations

===l & -

In studies 1 and 2 over
talkEplorer we observed an
important change in the

0.52 . .
distribution of explorations.

0.30

0.18

SetFusion

¥ one entity ¥ two entities ' three entities four entities
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TalkExplorer vs. SetFusion

* Comparing aistributions C

| 0.84 Comparing the field studies:

1
0.68 : - In TalkExplorer, 84% of
1 .
| the explorations over
0.52 . .
! intersections were
: performed over clusters of
I 0.30 .
: 1 item
0.16 ! 0.18 ) :
T In SetFusion, was only
I s B 0.06 I 52%, compared to 48%
' (18% + 30%) of multiple
TE-study 1 : TE-study 2 SetFusion

___________________ intersections, diff. not
¥ one entity " two entities ' three entities four entities statistically significant
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Cheers!

@denisparra



