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Inspectability & Control

Today I will answer the following questions:


- What is Grounded Theory?


- How do I do Grounded Theory research?*



Social recommenders
A unique opportunity for inspectability and control



Social recommenders

Recommenders are usually quite opaque


Hard to understand where recommendations are coming 
from


May reduce trust in the system


Hard to control the recommendations through interaction

May reduce usability of the system


What if recommendations are based on friends rather than 
strangers?



TasteWeights

The TasteWeights system uses the overlap between you 
and your friends’ Facebook “likes” to give you music 
recommendations.


- Friends “weights” based on the overlap in likes w/ user


- Friends’ other music likes—the ones that are not among 
the user’s likes—are tallied by weight


- Top 10 is displayed to the user





Experiment

Turn this into separate steps of control and inspection

To be able to manipulate them orthogonally


Step 1: Log in to Facebook

System collects your music “likes”

System collects your friends’ music likes



Experiment

Step 2: Control


3 conditions, between subjects:


- No control ( just use likes)


- Item control (weigh likes)


- Friend control (weigh friends)



Experiment
Step 3: Inspection


2 conditions, between subjects:


- List of recommendations vs.  
recommendation graph



Measurements
Satisfaction with the system

Perceived quality of the recommendations

Perceived control over the system

Understandability of the system

User music expertise

Propensity to trust

Familiarity with recommenders

Avg. rating of, and # of known items in, the top 10

Time taken to inspect the recommendations



User Experience (EXP)Objective System Aspects 
(OSA)

Subjective System Aspects (SSA)

Structural model



User Experience (EXP)Objective System Aspects 
(OSA)

Subjective System Aspects (SSA)

+

Satisfaction 
with the system

(R2 = .696)0.410 
(0.092)***
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(0.148)***+

Structural model
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(R2 = .512)
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(0.094)***

+ Perceived 
control

(R2 = .311)0.377
(0.074)***

+

+

 
Understandability

(R2 = .153)

Control
item/friend vs. no control

Inspectability
full graph vs. list only

!2(2) = 10.70**
item: 0.428 (0.207)*
friend: 0.668 (0.206)**

0.459 
(0.148)**



User Experience (EXP)Objective System Aspects 
(OSA)

Subjective System Aspects (SSA)

Interaction (INT)
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with the system
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(0.114)*

!2(2) = 10.81**
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+
+
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+

−

+

+
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(0.049)***

0.695 (0.304)*
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(0.051)**

+
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(R2 = .512)

0.770
(0.094)***
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(0.074)***

+

+

 
Understandability

(R2 = .153)

Control
item/friend vs. no control

Inspectability
full graph vs. list only

!2(2) = 10.70**
item: 0.428 (0.207)*
friend: 0.668 (0.206)**

0.459 
(0.148)**
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Personal Characteristics (PC)
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−0.332 (0.088)***
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(0.100)*
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(0.094)***
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−

Music 
expertise
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(0.124)*
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Trusting 
propensity
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+

Familiarity with 
recommenders



More inspectability
Ideas for presenting recommendations



More inspectability

Imagine a recommender system with hybrid 
recommendations based on:


- Item-item CF


- Social connections (like TasteWeights)


- General Top-N


Is there an intuitive way to present the recommendations?



Recommendations

Star Wars:  
The Last Jedi

Frozen

Steve Kono

Danny Lou

Toy Story 3

Jurassic World

Avatar

Minions

Titanic

Marvel‘s The 
Avengers

ME

Similar Users

My Profile

Iron Man 3

Catherine

Black Panther

Fast & 
Furious 7

Skyfall

The Hobbit

The Dark 
Knight

Jumanji

High average
rating



Toy Story 3

The Dark Knight

Fast & Furious 7

Frozen

Marvel‘s The Avengers

Skyfall

Black Panther

Star Wars: The Last Jedi

Jumanji

Minions

Titanic

Avatar

Iron Man 3

Danny

Steve

Catherine

Kono

Lou

The Hobbit

My Profile RecommendationsSimilar Users

Jurassic World

High average rating



People Similar to Me:

Steve

Danny

Kono

Catherine

Lou

Similar to my profile

Liked by people
similar to me

High Average Rating
Frozen

The 
Hobbit

Marvel‘s The 
Avengers

Toy Story 3

The Dark 
Knight

Black 
Panther

Fast & 
Furious 7Skyfall

Jumanji

Star Wars: The 
Last Jedi

My Profile:

Titanic Avatar

Minions Iron Man 3

Jurassic World

Jurassic World
Iron Man 3

Titanic
Jurassic World

Minions
Iron Man 3

Iron Man 3

Minions



Recommended because… 
…Kono loved it, who also watched Iron Man 3 and Minions like you.
…Lou loved it, who also watched Minions like you.

Recommended because…
…Steve loved it, who also watched Iron Man 3 and Jurassic World like you.
…it has a high average rating.

Recommended because…
…it is similar to Minions, which you liked
…Lou loved it, who also watched Minions like you.
…it has a high average rating.

Recommended because…
…it is similar to Jurassic World, which you liked.
…it is similar to Avatar, which you liked.

Star Wars: The Last Jedi

Frozen

Jumanji

Skyfall

Recommended because…
…it is similar to Iron Man 3, which you liked
…it has a high average rating.

Marvel‘s The Avengers

Recommended because… 
…Danny loved it, who also watched Titanic and Jurassic World like you.

Recommended because… 
…it is similar to Iron Man 3, which you liked.
…Catherine loved it, who also watched Iron Man 3 like you.

Recommended because… 
…it is similar to Minions, which you liked.

Recommended because… 
…it has a high average rating.

Black Panther

Toy Story 3

The Dark Knight

The Hobbit

Recommended because… 
…it has a high average rating.

Fast & Furious 7



Marvel‘s The Avengers

Star Wars: The Last Jedi

Frozen

Jumanji

Skyfall

Fast & Furious 7

Black Panther

Toy Story 3

The Dark Knight

The Hobbit

Titanic

Avatar

Jurassic
W

orld

Iron M
an 3

M
inions

My Profile People Similar To Me

Steve

Danny

Kono

Catherine

Lou

High Average 
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Recommendations





More control
Ideas for controlling recommendations



More control

Some more advanced preference elicitation methods exist


Mostly developed for MAUT-based systems

See preference elicitation lecture


One prominent idea: critique the recommended item(s)


Ultimate goal: create a conversation!

Great for chatbots!



Critiquing-based recommenders 137

Fig. 8 The Example Critiquing interface that turns the critiquing process into a decision tradeoff process
(Chen and Pu 2006)

2.3.1 Example Critiquing (Pu et al. 2008)

The Example Critiquing agent is a purely user-initiated critiquing system. It origi-
nated from ATP, which was an online preference-based search tool for finding flights
(Torrens et al. 1997).

The Example Critiquing system mainly consists of a user interface and a search
engine. A user initially starts the search by specifying a few preferences in the query
area. Each preference is composed of one acceptable attribute value and its correspond-
ing degree of importance (i.e., weight). Behind, a MAUT-based preference model will
be built. Based on the initial preference model, the search engine will rank all alterna-
tives by their matching scores and return the top k ones (normally, kis between 5 and 20
according to (Faltings et al. 2004b) that suggests the optimal number). The user either
accepts a result, or takes a near solution and activates the tradeoff navigation panel
(i.e., the critiquing panel, see Fig. 8) where she can post critiques to the near solu-
tion. For instance, as shown in Fig. 8, three radio buttons are next to each attribute,
respectively under “Keep” (default), “Improve” and “Take any suggestion” labels,
thus facilitating users to critique one attribute by either improving its current value
(i.e., selecting “Improve”) or accepting a compromised value suggested by the system
(i.e., via “Take any suggestion”). More notably, users can freely compose compound
critiques by combining critiques on any two or more attributes.

123



142 L. Chen, P. Pu

The product being 
critiqued 

System-suggested 
compound critiques 

User-initiated 
critiquing facility 

Fig. 9 Hybrid critiquing system (version 1): the combination of system-suggested compound critiques and
user-initiated critiquing facility (Chen and Pu 2007a)

can not only obtain knowledge of the domain and easily perform critiquing via the
suggested critiques, but also have the opportunity to freely compose critiques on their
own with the self-initiated critiquing support.

3.2 Hybrid Critiquing

Two hybrid critiquing systems have been developed so far. One was the combination
of Example Critiquing facilities with Dynamic Critiquing based compound critiques
on a single screen. The second version integrated the preference-based organization
interface (Chen and Pu 2007c) (which shows system-suggested critiques and their
associated products on a separate page) with Example Critiquing (the EC interface is
evoked only when users activate it). Series of user studies were conducted on the two
versions.

3.2.1 Version 1

Figure 9 shows a sample interface of the first type of hybrid critiquing system, where
DC compound critiques are displayed with EC facilities on the same screen (Chen
and Pu 2007a). Specifically, the current recommendation is displayed at the top and
followed by multiple suggested critiques. The self-initiated critiquing area is placed
below, which provides functions to facilitate various types of critiquing modality

123



144 L. Chen, P. Pu

(a) The preference-based organization interface. 

(b) The user-initiated example critiquing interface. 

If suggested 
critiques and 
products do not 
interest the 
user, he/she 
could switch to 
create critiques 
his/herself by 
clicking the 
button “Self 
specify criteria 
for ‘Better 
Features’. 

Fig. 10 Hybrid critiquing system (version 2): the combination of preference-based organization interface
(Pref-ORG) and user-initiated critiquing facility (Chen and Pu 2007b, 2010)

organization algorithm (as described in Sect. 2.2). If the user is interested in one of
the suggested critiques, she could click “Show All” to see more products under the
critique. Among these products, the user can either choose one as her final choice, or

123
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Fig. 3. User interface of our music chatbot. Note that the user interface is the same as that of [7], but the underlying algorithms used to generate the two kinds of
system-suggested critique (i.e., Progressive SC and Cascading SC) are different.

estimated user preference and the compatibility with the user’s
critiquing feedback for each candidate song.

B. User Interface Design

The user interface of the music chatbot consists of three parts:
a rating widget, a dialogue window, and an instruction panel.
Specifically, the dialogue window [see Fig. 3(B)] shows the
dialogue between the user and the bot. The recommended song
is shown on a card with a set of buttons under the card for the
user to give feedback. When the user clicks the “Like” button, the
current song will be added to the playlist where the user can rate
the song [see Fig. 3(A)]. The “Next” button allows the user to skip
the current song, and the “Let bot suggest” button is to activate a
system-suggested critique on the song. If the user would like to
critique the recommended song on her/him own, s/he can send
a message to tune the recommendation, e.g., by audio features,
or music genres [see Fig. 3(C) explains the supported features
with some examples]. Two dialogue examples illustrate how the
user can make UC and SC, respectively.

IV. EVALUATION

In order to investigate the effects of task type and cri-
tiquing technique on user perception of and interaction with
critiquing-based recommendation chatbots, we conducted two
task-oriented user studies, which focus on two typical types of
user tasks as supported by a RS [10], respectively: basic recom-
mendation task (BRT) and exploration-oriented task (EOT), with
a between-subjects design (N=112 in Study 1 for BRT, N=107
in Study 2 for EOT). In each study, we randomly assigned
participants to one of the three experimental conditions (ECs):
User-C, Progressive-C, and Cascading-C (see Table I).

TABLE I
NUMBERS OF PARTICIPANTS IN THE THREE ECS FOR TWO STUDIES

TABLE II
DEMOGRAPHICS OF 219 PARTICIPANTS IN OUR STUDIES

A. Participants

Participants were recruited from the Prolific platform,6 which
is popularly used for academic surveys [32]. To ensure the
quality of the experiment, we pre-screened users in Prolific using
the following criteria: 1) participants should be fluent in English;
2) the number of her/his previous submissions should be more
than 100; 3) the approval rate should be greater than 95%. In
Study 1, the experiment took 15 mins on average and each
participant was compensated £2.0 if s/he successfully completed

6[Online]. Available: https://www.prolific.co/
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More chatbots
for recommendations



More chatbots

https://www.youtube.com/watch?v=wqaS3nGl908

