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Abstract Over the past decade a significant amount of recommender systems re-
search has demonstrated the benefits of conversational architectures that employ
critique-based interfacing (e.g., Show me more like item A, but cheaper). The cri-
tiquing phenomenon has attracted great interest in line with the growing need for
more sophisticated decision/recommendation support systems to assist online users
who are overwhelmed by multiple product alternatives. Originally proposed as a
powerful yet practical solution to the preference elicitation problem central to many
conversational recommenders, critiquing has proved to be a popular topic in a vari-
ety of related areas (e.g., group recommendation, mixed-initiative recommendation,
adaptive user interfacing, recommendation explanation). This chapter aims to pro-
vide a comprehensive, yet concise, source of reference for researchers and practi-
tioners starting out in this area. Specifically, we present a deliberately non-technical
overview of the critiquing research which has been covered in recent years.

1 Introduction

The evolution of the critiquing research landscape has largely been influenced by the
changing needs of online users and the increasingly complex product domains that
they have turned to explore. Over the past decade, a variety of critique-based recom-
mendation methodologies have been proposed along with demonstrated evidence of
their potential to improve recommendation performance. It could be argued that the
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significance of a piece of research can be often measured not just in terms of the
number of questions answered (e.g., methodology proposed to solve a given prob-
lem), but also in terms of the number of new issues raised; whose answers present
as goals for future research.

This chapter is directed towards early-stage researchers starting out in this area.
It aims to provide a useful and deliberately non-technical overview of the promises
and pitfalls of critiquing that have been brought into focus in recent years. In Sec-
tion 2 we start off by describing the benefits of the approach as recognised by early
critiquing systems. Next, in Section 3, we outline some of the key issues and chal-
lenges that have been identified as well as the approaches that have been taken to
improve: (1) critique presentation in view of optimising preference acquisition, and
(2) the retrieval performance of critique-based recommenders. Section 4 provides an
overview of the various design considerations that have influenced the integration of
the critiquing mode of feedback across alternate platforms and user environments
(e.g., mobile space, individual and collaborative platforms, etc.). Section 5 sum-
marises the resources, methodologies and evaluation criteria that have been typi-
cally adopted by practitioners in the area to date. Finally, by way of conclusion we
outline some of the open challenges and opportunities that exist for critique-based
recommenders.

2 The Early Days: Critiquing Systems/Recognised Benefits

Interactive recommender systems typically engage users in a conversational dia-
logue to learn their preferences, using this feedback to improve the system’s rec-
ommendation accuracy (for further details see Chapter [Cross-Chap Ref]). Many
conversational recommenders drive the preference elicitation task through the use
of examples. For instance, a user may be presented with one or more exam-
ples/recommendations (e.g., a movie, book, camera) and asked to provide feedback
(e.g., provide ratings, indicate a preference). The critiquing mode of feedback has
become a popular topic amongst those conducting recommender systems research
and those developing example-based conversational architectures. The primary rea-
son why it has become so popular is that it strikes an acceptable balance between
the effort that a user must expend when providing feedback and the information
value it provides. In comparison to the standard value elicitation approach it is a
very low-cost form of feedback (i.e., in terms of user effort) that provides a rel-
atively unambiguous indication of the user’s current requirement (e.g., ”Show me
more like item A, but different in terms of feature X”) . Critiquing is also well-suited
to even the most basic interfaces and to users with only a rudimentary understanding
of certain recommendation domains [6, 7, 64].

In many domains, it cannot be assumed that users are able to completely artic-
ulate their preferences from the outset [46], and/or have a clear understanding of
the feature trade-offs/compromises that exist. For example, a user hoping to buy a
new laptop may not initially think about the trade-off that often exists between the
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products weight and it having an integrated CD-rom. If they were to formulate a
query for a laptop that was less than 2kg in weight with a CD-rom facility they may
not find any products that satisfy both of these preferences. Instead, as users become
more familiar with the domain and the product options available, their preferences
often change, becoming more rigid [46]. Users often tend to lack the motivation to
completely specify their preferences up front without any perceived benefits [66].
In fact, this may be unnecessary, as sometimes only a partial set of preferences may
be required to make good recommendations [15].

Critique-based conversational recommenders offer flexible support to users as
they navigate product catalogues and help them to better understand their prefer-
ence requirements. Instead of requiring users to specify their preferences from the
outset, user preferences are built up over a series of recommendation cycles. In each
cycle of a recommendation session the system makes one or more recommendations
to the user and invites them to critique one of the examples. Feature critiques typi-
cally take the form of directional or replacement (a term that was initially defined
by [35]). Directional critiques effect an increase or decrease over numerical feature
values (e.g., cheaper implies [< price]). Replacement critiques allow for the substi-
tution of any value (i.e., aside from critiqued value) for a non-numeric feature (e.g.,
different manufacturer implies [! = manfacturer]). A recommendation satisfying the
applied critique is returned and the user is invited to critique this in line with their
requirements. This process continues until the user: (1) accepts a recommendation,
(2) exhausts all potential possibilities, or (3) terminates the session prematurely.

Early work in this area dates back to the early 1980’s when the RABBIT sys-
tems [69, 70] introduced the critiquing as a new interface paradigm for formulating
database queries. Users could critique fields of example records with options like
prohibit or specialise. Based on user feedback the system would reformulate the
query and present another example record. The FindMe Systems [6, 7, 17] devel-
oped by Burke et al., were the first to employ critiquing in web-based recommenders
recognising the need to focus on educating the user about the options space1. Orig-
inally, FindMe recommenders were developed as browsing assistants, that helped
users browse through large information-spaces by providing critiques on presented
examples, such as restaurants (Entrée), automobiles (Car Navigator), apartments
(RentMe), and movie rentals (Video Navigator)2. Other examples of early example-
based critiquing systems include: Apt Decision [63], SmartClient [51, 52, 53], and
the Automated Travel Assistant (ATA) [20]. In the next section we outline key chal-
lenges in critique-based recommendation that have been addressed by these systems
and other subsequent research.

1 More recent research has highlighted that there is a tension between the need for a user to explore
the space of items to understand the options and desire for short recommendation dialog.
2 The Wasabi Personal Shopper [3] was developed as a general-purpose domain-independent ver-
sion of the FindMe systems
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3 Representation & Retrieval Challenges for Critiquing Systems

Early systems and more recent critiquing research can be reviewed along a number
of dimensions. In this section we focus our review on two: critique representation
and recommendation retrieval. In the first instance, we distinguish between the al-
ternate critique representation/formulation approaches that have been developed to
optimise preference acquisition. We describe how the nature of the critiques that
are presented to the user as feedback options dictate very different limitations and
benefits. In the second instance, we outline some of the key issues that have pre-
sented retrieval challenges in critiquing systems, and discuss (where appropriate)
how these have influenced the development of more sophisticated approaches to
preference modeling and revision.

3.1 Approaches to Critique Representation

Over the past decade a variety of alternate approaches to critique representation have
been proposed. The Entrée [7] restaurant recommender, is one of the earliest and
most well-known member of the FindMe family of critique-based recommenders.
Entrée offers two ways for users to specify their initial preferences. One is to spec-
ify a known restaurant that is similar to what the user is looking for. The alterna-
tive requires that users start the recommendation session by specifying their dining
interests according to a number of high-level features. Along with the returned rec-
ommendation are seven pre-defined unit critique options which can be applied over
features; cheaper critiques the price feature, and more formal critiques the style fea-
ture, for example. The critiques serve as temporary filters over the product space,
eliminating incompatible restaurants from consideration for the next recommenda-
tion cycle. In this section we discuss a number of challenges that motivated further
research and advancement in this area.

3.1.1 Over-critiquing & protracted recommendation dialogues

Unit critiques only allow users to express preferences over a single feature in each
recommendation cycle. This ultimately limits the ability of the recommender to nar-
row its focus, which can result in slow unnecessarily long recommendation dia-
logues. Furthermore, a user may not understand the feature trade-offs that exist a
particular domain and hence be inclined to continue to critique a specific feature
(e.g., price) until a recommendation with an acceptable value has been reached.
However, they may later realise that the value of another important feature has
since changed and is no longer acceptable [37]. An alternative strategy is to con-
sider the use of compound critiques (the term itself was first introduced by [24]).
These are critiques that operate over multiple features and have the potential to im-
prove recommendation efficiency because they allow the recommender system to
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gather more preference information in a single recommendation cycle. The promise
is that the application of compound critiques enables users to take larger steps
though the recommendation space towards preferred options, thus reducing session
lengths/interaction times.

The idea of compound critiques is not new. In fact, the early FindMe Systems [6]
introduced the Car Navigator System (see Fig. 1) which uses compound critiquing.
Automobiles are described in terms of features such as horsepower, price, sportier,
or gas mileage that can be directly manipulated by users. Compound critiques are
also presented alongside individual feature-level unit critiques providing the user
with two alternate ways to refine recommendations. When a user applies the sportier
compound critique, for example, this has the effect of filtering the remaining options
in terms of a number of features; that is, engine size, acceleration and price are
all increased. Similarly, in the context of a PC recommender a high performance
compound critique might simultaneously increase processor speed, RAM, hard-disk
capacity and price features.

Fig. 1 Illustrating how Car Navigator presents both static unit and compound critiques.

3.1.2 Critique redundancy & hidden feature-dependancy

The notion of automated critique generation was first proposed by McCarthy et. al.
[24], motivated by the observation that certain static critiques may not always be rel-
evant. They identified that session dead-ends could result whereby a user may apply
a critique filter (i.e., unit or compound) and find that there are no subsequent match-



6 Lorraine McGinty and James Reilly

ing recommendations (related work refers to these as retrieval failures [16, 35, 37]).
For instance, in the Car Navigator system the sportier critique would continue to be
presented as an option even when there are no recommendation candidates remain-
ing that match that criteria. Static critiques (both unit and compound) do not afford
the user any understanding of what recommendation options are available beyond
the current example. In fact, they could lead to unnecessary user confusion and in-
terface redundancy. For instance, users may not all share the same understanding
of what these static labels actually mean (i.e., they are uncertain about what hidden
feature filters might be applied). Inevitably, this means that some users may find
these static compound critiques to be of little use.

McCarthy et. al. [24] argue the need for a more flexible dynamic approach to
critique generation whereby compound critiques are composed on-the-fly, on each
recommendation cycle, in view of presenting applicable critiques that (1) better fo-
cus the recommender, (2) eliminate interface redundancy, and (3) remove user ap-
prehension. They make the point that only compound critiques that actually cover
available recommendation candidates should be presented to the user. Of course, it
is reasonable to apply the same rationale to the generation of unit critiques, as is im-
plemented by the Tweak system [37] to ensure that the user is only presented with
unit critique options that lead to at least one product option. Three approaches to
the dynamic generation of compound critiques have been proposed by (see [24] and
[72], & [11]). All of the approaches provide the user with multi-feature critique op-
tions that expose the user to the feature changes that will result from an application
of that critique (i.e., the recommendation consequence). For example, a user could
apply the critique (more memory, less price, different manufacturer) if they want to
see an alternate PC from that is similar to the current recommendation but cheaper,
with more memory, and from a different manufacturer. All approaches have been
demonstrated to be effective in terms of the benefits they offer to varying degrees
with respect to recommendation efficiency, accuracy, applicability, and usability.
However, the key distinguishing factor between the approaches is the knowledge
they use to influence critique generation (i.e., domain vs user preference knowl-
edge). Further differences and the motivations for each methodology are described
in the next subsections.

3.1.3 Limited product-space vision

Reilly et. al. [58] demonstrate how to use only domain-knowledge about available
recommendation candidates to automatically generate compound critiques before
every recommendation cycle in their QwikShop system (see Fig. 2). They concen-
trate on increasing the users depth of understanding about characteristics govern-
ing the remaining recommendation candidates, through raising awareness about the
feature trade-offs and dependencies that exist beyond the current recommendation.
Their so-called dynamic compound critiquing algorithm uses the Apriori associa-
tion data-mining algorithm [54] in order to uncover any frequently occurring feature
relationships amongst the remaining recommendation candidates. Typically, large
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numbers of compound critiques of the form (e.g., more resolution, more memory,
and different manufacturer [than the current PC recommendation]) are generated by
this methodology. It is not practical to present the large lists of compound critiquing
options from a user interfacing perspective. Various strategies could be employed
for ranking compound critique options (e.g., support, confidence, leverage, lift, and
conviction3) in order to present the user with k compound critiques alongside the
standard unit critique options. McCarthy et. al. [24] and Reilly et. al. [55] investi-
gate how best to rank compound critiques by their support values (where the support
refers to the proportion of the products that satisfy the critique). They demonstrate
that presenting users with low-support compound critique options provides the best
balance with respect to their likely applicability and their ability to focus the search.

Fig. 2 Screen-shot of the QwikShop critiquing system.

It is possible that the compound critique options that are ultimately selected show
limited feature diversity (i.e., their constituent individual features can overlap to a
high degree) due to the high number of remaining options that exhibit the same
feature differences to the current recommendation. The related issue of selecting
recommendation candidates for a user, that are relevant to their preferences but
different from each other, is a familiar problem to those working in the recom-
mender systems area. In response, a number of diversity-enhancing solutions have
been proposed (see Section 3.2 and Chapter [Cross-Chap Ref]). Approaches for dy-
namically presenting diverse compound critiques have been investigated [26] and
shown to generate feedback options that are up to 32% more applicable to users.

3 These are commonly used interest measures for association rules [54].
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A further potential limitation of this approach is that it does not take into account
a users’ preferences. In the QwikShop system user preferences influence only how
recommendations are selected, and not the feedback options presented to the user.
However, being less tightly bound to the users preference model, this approach has
more potential for the discovery of serendipitous recommendations.

3.1.4 Weak relevance of presented feedback options

As mentioned above there is no guarantee that the compound critiques generated
by Reilly et. al.’s methodology will be relevant to the user as it is influenced only
by product domain knowledge. Zhang and Pu [72] propose an alternative methodol-
ogy that relies on user preference knowledge. Their Multi-Attribute Utility Theory
(MAUT), approach that is similar to that implemented by the SmartClient system
[51, 52, 53], as the means for dynamically generating compound critiques. Their
EasyShop recommender, shown in Fig. 3, maintains user preference models based
on their critiquing feedback and these are used to calculate product utility values for
each recommendation candidates. The product with the highest utility is selected as

Fig. 3 Screen-shot of the EasyShop critiquing system (from [72]).

the next recommendation and the k products with the next highest utility values are
represented by compound critiques and presented as feedback options. Comparative
off-line evaluations [59] show how these preference oriented compound critiques
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tend to be more more aligned with the user’s intended critiquing criteria than the
approach described McCarthy et. al. [24]. In addition, they tend to result in shorter
sessions with higher recommendation accuracy. However, the MAUT approach does
suffer from some drawbacks. First, each MAUT-generated compound critique de-
scribes only one product, and so these critiques offer users limited exposure to the
remaining recommendation opportunities. Secondly, this approach assumes an ac-
curate user preference model. However, user preferences can be very inconsistent
and are often subject to rapid change (see Section 3.2). Finally, it does not promote
diversity across the critiques, and the compound critiques tend to contain a high
number of features.

3.1.5 Limitations of domain & preference driven approaches

Chen & Pu [11] propose a methodology for dynamically generating compound cri-
tiques that aims to preserve the advantages (while minimising the limitations) of
the previously described alternatives. Their preference-based organisation approach
aims to dynamically generate diverse critique options that are adaptive to user pref-
erences and representative of the remaining recommendation candidates.

User preferences are represented using a multi-attribute utility model. A data-
mining algorithm generates the set of compound critiques. These compound cri-
tiques are categories of available recommendation candidates that best match the
user’s preference model. From each compound critique, a selection of products are
extracted for presentation such that they exhibit high trade-off utilities against the
current recommendation and are diverse from each other. The trade-off utility for a
category indicates how well it adapts to the user model. The intuition is that a higher
tradeoff utility category covers products that potentially offer more pros than cons
over the current best candidate (see Fig. 4).

3.1.6 Restricted user control

In more recent work, Chen and Pu [8], make the distinction between system-
proposed and user-motivated critiquing approaches (see Fig. 5). Up to this point
we have concentrated our discussion on what they refer to as system-proposed com-
pound critiques whereby the presented critiques are not defined by the user. Chen
and Pu present the example of a user looking for a digital camera with higher res-
olution and more optical zoom relative to the current recommendation. Suppose
there is no suggested compound critique matching the user’s current requirements,
even though the proposed critiques can give them some information about subse-
quent recommendation options (e.g. greater screen size & more memory). At this
point, they can only apply unit critiques to one feature at a time; at the risk of being
involved in longer interaction cycles and lower levels of decision accuracy. They
suggest that this limitation could be addressed by allowing users the flexibility to
define their own compound critiques. The assumption is that only unit critique op-
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Fig. 4 Illustrating the preference-based organisation approach to critique presentation (from [11]).

tions that cover subsequent recommendation options are presented to the user (i.e.,
dynamic unit critiques). The user-motivated critiquing approach invites the user to
make one or more critique selections over any combination of these category (i.e.,
compound critique) options.

Apt Decision, proposed by Shearin & Lieberman [63] is an example of an early
critiquing system that also implements a user-motivated approach. Users in the
apartment rental market are free to critique multiple features (from a set of 21 pos-
sibilities) relating to recommended apartment descriptions. Chen and Pu take a dif-
ferent approach, affording the user greater control over what preference constraints
influence recommendation. They describe how users have the freedom to specify
their tradeoff criteria in terms of improvement and compromise regarding the rec-
ommendation features. For example, users can indicate that they would prefer to
see a recommendation that is (e.g., X amount cheaper [than the current recommen-
dation]) as shown in Fig. 5. Fig. 6 shows how Apt Decision, by contrast, provides
direct access to the preference profile where the user can easily indicate preference
revisions (both positive and negative). Aside from allowing users to indicate the im-
portance of their feature preferences, Apt Decision does not support users to define
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Fig. 5 Illustration of user-motivated critiquing interface taken from [8].

any more-specific boundary constraints in terms of the extent of the compromises
they are willing to accept. Chen & Pu show that users achieved higher confidence
in choice and decision accuracy through user-motivated critiquing. However, some
users still preferred the system-proposed critiques, reporting that they found them
intuitive to use and quickly led to suitable products when relevant options were
presented. SmartClient [51, 52, 53] also affords greater user-control over preference
elicitation. Designed to help users find airline flights, it has also been used to recom-
mend vacation packages, insurance policies and apartment rentals. Again, product
selection is represented as a decision theory problem where the user is trying to
select a product that optimally satisfies their preferences. Choosing the best prod-
uct is often a trade-off problem, where the user must decide if and how he should
compromise on some product features in order to optimise others. SmartClient em-
ploys critiques as soft constraints. The interface allows the user to directly construct
a value function (by specifying weights) for each attribute and the recommender
combines this with the constraints to compute a utility for each attribute and prod-
uct. The system presents a ranked list of the best products with the highest utility.
When the user revises his preferences, either through the addition of another critique
or by changing its weight, the products are re-ranked to reflect the updated utilities.
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Fig. 6 Screen-shot of the Apt Decision user-motivated critiquing interface adapted from [63].

3.2 Retrieval Challenges in Critique-Based Recommenders

Irrespective of the type of critiques that are used (e.g., unit/compound), or the man-
ner in which the critiques have been generated (e.g., static versus dynamic, system-
proposed vs user-motivated), recommendation success is heavily influenced by user
critiquing behaviour. As an example, we mentioned earlier that users may over-
critique a feature (e.g., price), and find that they are presented with recommenda-
tions where none of their other feature preferences are satisfied [37]. While little can
be done to control how the user chooses to apply critiques, there are some retrieval
challenges that can be avoided in view of improved recommendation performance.
In this section we outline a number of these and briefly discuss how some of them
have already been addressed.
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3.2.1 Preference inconsistency and longevity

The preference model behind the FindMe systems is a feature vector obtained from
the entry example along with the user’s initial high-level feature constraints. The
application of a critique will update the model with the most recent feature cri-
tique and temporarily remove those restaurants that are incompatible with it from
the recommendation candidates. The remaining restaurants are then sorted using a
hierarchical sort on their similarities to the preference model.

As mentioned earlier in Section 2, users cannot be relied upon to provide con-
sistent feedback throughout the course of a recommendation session. Traditional
critique-based recommenders (e.g., RentMe, Entrée) focus on the current critique
and the current recommendation, without considering the critiques that have been
applied in the past. This can also lead to retrieval failures. Many users are unlikely
to have a clear understanding of their requirements at the beginning of a recom-
mendation session. As a result users may select apparently incompatible critiques
during a session as they explore different areas of the product space in order to build
up a clearer picture of what is available. For example, a given cycle may find a
prospective digital camera owner looking for a camera that is cheaper than the cur-
rente500 recommendation, but later on may ask for a camera that is more expensive
than another e500 recommendation.

Apt Decision [63] maintains more flexible user preference models of user cri-
tiques. A key differentiator between it and others is that it has separate positive
and negative preference models which are visible and accessible to users. It also
supports preference-based comparisons of apartments from which further implicit
preference information is gathered and added to the model. Shearin & Lieberman
argue that learning an accurate profile is more beneficial than trying to constrain the
search-space based on user preferences [63]. If the search-space is over-constrained,
users will be unaware of the other potential options that exist containing features that
they might be willing to compromise on. Instead, relaxing constraints allows users
to explore the product space more, giving the recommender the opportunity to learn
more preferences and make better recommendations.

The SmartClient system also treats applied critiques as explicit representations
of user preferences. Both employ constraint solvers to obtain optimal solutions.
User preferences in the form of critiques are modelled as constraints in the CSP
formalism. An agent constantly observes the users modifications to the expressed
preferences and refines the elicited model to improve solution accuracy. Zhang &
Pu [72] describe a MAUT-preference model that adjusts the utility of feature pref-
erences based on a user ’s critiquing feedback. Recommendations that maxmimse
overall preference utilities are subsequently retrieved. In similar work, Chen & Pu
[11] describe a MAUT-preference modeling approach whereby a user can specify
her tradeoffs by directly manipulating criteria.

Reilly et. al.’s incremental critiquing [57] approach maintains a user preference
model which is made up the actual critiques that have been applied by the user so
far. The intuition is that the critiques applied so far provides a representation the
user’s evolving requirements. To maintain accuracy of the user model inconsistent
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critiques are eliminated, as are all existing critiques for which the most recent cri-
tique is a refinement. When retrieving recommendations priority is given to those
candidates that: (1) satisfy the current critique; (2) are similar to the previous recom-
mendation; and (3) satisfy a large proportion of previous critiques 4 Given two can-
didates that are equally similar to the previously recommended case, their algorithm
will prefer the one that satisfies the greater number of recently applied critiques
(i.e., that which returns the higher compatibility score). They report session-length
reductions of up to 70% [57].

Finally, Nguyen & Ricci have more recently motivated the need to maintain al-
ternate preference models that distinguish between long-term and session-specific
user preferences. They propose a methodology for integrating both kinds of prefer-
ence information in order to generate personalised recommendations [39]. Session-
specific preferences include both contextual preferences (e.g., a restaurant open at
the time in question or within proximity of the user) and product feature prefer-
ences (e.g., a cheap chinese restaurant). Long-term user preferences [41] refer to
information (about the user) which persists along a relatively long timespan (i.e.,
through many consecutive recommendation sessions). These preferences are typi-
cally elicited at registration time, and revised later through continued system use.

3.2.2 Diminishing choices & unreachability

As described earlier, early critique-based recommenders applied critiques act as
temporary filters over the remaining available product options and all critiqued rec-
ommendations are eliminated from further consideration. McSherry & Aha uncover
a potential drawback - a problem they refer to as the diminishing choices problem
[38]. They argue that by preventing users from navigating back to products they
critiqued earlier can result in retrieval failures when the only acceptable product op-
tion has been eliminated. They present the example shown by Fig. 7 where a user is
presented with Case 1 (i.e., a 3 bedroom detached property in location A). Suppose
that the user would prefer a 4 bedroom detached property in that same location. As-
suming that features are equally weighted and the similarity between two cases is
the number of matching features, a critique over the bedroom feature (i.e., > Beds)
would see the user presented with Case 2. Realising that there is no case that will
satisfy all of their requirements the user may then which to re-evaluate Case 1 how-
ever this has been removed they have no choice but to consider Case 3 instead (or
re-start their recommendation session).

On the contrary, the unreachability problem [38, 16] refers to the consequence of
not eliminating previous recommendations. In [38] McSherry & Aha also demon-
strate that this can potentially lead to the situation whereby acceptable products that
satisfy the user’s requirements, if any, will never be retrieved. This problem is well
illustrated by Fig. 8 where a user is sequentially presented a recommendation from

4 In so doing they are implicitly treating the past critiques in the user model as soft constraints for
future recommendation cycles; it is not essential for recommendations to satisfy all of the previous
critiques, but the more they satisfy, the better they are regarded as recommendation candidates.
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Fig. 7 Illustrating the diminishing choices problem that can result as a consequence of eliminating
critiqued recommendations [from [38]].

the catalogue of options shown, and on the fourth critique application is brought
back to the initial recommendation without ever being presented with Case 5. An
important point here is that recommendation retrieval in this instance is influenced
only by the most recently applied critique; that is, the initial query and any previous
critiques are not considered.

Fig. 8 Illustrating the unreachability problem that can result as a consequence of not eliminating
critiqued recommendations [from [38]].

The Tweak system described by McSherry & Aha [37] implements the progres-
sive critiquing approach, which like incremental critiquing [57] involves maintain-
ing a history of a user’s previous critiques. The recommendation retrieved in re-
sponse to a user’s critique must also satisfy any previous critiques and constraints
specified by the initial query. Fig. 9 shows how a recommendation option satisfies a
users set of current constraints which consists of their initial query (i.e., make=Dell
and price <= 1000) and their previous critiques (i.e., type=laptop and < screen
size). Note that type=laptop is the only constraint provided by the user at this point
that is not satisfied by the current recommendation. The progressive critiquing ap-
proach retrieves the most similar product to the current recommendation and cri-
tique, prioritising those preferences contained in the preferences model. This model
records explicit (E), assumed (A), and predicted (P) preferences for feature val-
ues. Here explicit preferences refer to those set out by the initial query and/or as
the result of subsequent replacement critique applications on nominal features (e.g.,
type=laptop). Assumed preferences refer to preferences decisions that are implic-
itly made in relation to features such as price (i.e., where is may be reasonable to
assume that less-is-better (LIB)) and memory (i.e., more-is-better (MIB)). And, pre-
dicted preferences refer to those features where users tend to have an ideal value
and would prefer values that are close to this (i.e., nearer-is-better (NIB))[35, 33].

Unlike incremental critiquing, revisions to the preference model within the
Tweak system are made on the basis of the most recent critiquing event without
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Fig. 9 Illustrating the knowledge available in a typical progressive critiquing session; current rec-
ommendation, current query, and user preferences [from [37]].

reference to the history of critique applications on that feature. That is, the applica-
tion of a make=Sony critique replaces the value Dell within the preference model
with Sony. For the NIB features, the preferred value is predicted to be that nearest to
the critiqued recommendation (e.g., a < screen critique would result in setting the
screen value to 14). Incremental critiquing, by contrast, accounts for the fact that a
user may have been presented with a number of Dell options over a series of prior
recommendation cycles but was content to accept it at that point (i.e, they prioritise
other critique changes). The compatibility measure used by incremental critiquing
takes into account each candidate product’s similarity to the current and the number
of previous critiques it satisfies. However, a potential problem here is that the ex-
istence of a highly similar product may play more influence and be retrieved over
alternatives that satisfy more critiques. Similar to Nguyen & Ricci [39], Salamo et.
al. [62] addresses the issue by using similarity to the critiqued recommendation as
a secondary retrieval criterion.

In agreement with Shearin & Lieberman [63], McSherry suggests the system’s
current understanding of user preferences should be accessible to the user. He feels
this is especially important in the interest of avoiding what he terms progression
failures (i.e., the non-existence of a product that satisfies all of the user’s require-
ments). In Shearin & Lieberman’s Apt Decision system, the user has constant and
direct access to their preference model. While this provides the user with some depth
of understanding as to why certain recommendations are retrieved, it is still open
to progression failures. McSherry takes an interesting explanation-based approach
where in the event that all of the preference constraints are not met by any recom-
mendation candidate the user is provided with an explanation of what compromises
might be appropriate. A more recent version of the progressive critiquing algorithm
[38] concentrates on addressing the unreachability problem. The key difference in
this implementation of progressive critiquing is that previously recommended (i.e.,
critiqued) items are not eliminated, as is the case with the incremental approach.
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3.2.3 Refining recommendation retrievals

Although the majority of critique recommenders, such as QwikShop, EasyShop,
CritiqueShop5, Entrée, and RentMe concentrate on retrieving only one candidate
in each recommendation cycle, others like Apt Decision and MobyRek present the
user with a set of recommendations to choose from. Refining recommendation can-
didates can be challenging. Early work in this area introduced the EntréeC hybrid
recommender system [4, 5] which adds a collaborative filtering component to Entrée
[6], creating a knowledge-based/collaborative cascade hybrid. Like Entrée, it uses
its knowledge of restaurants to make recommendations based on the users stated
preferences. The collaborative recommender is called upon to refine the competing
recommendations returned by the knowledge-based recommender. Key benefits for
using the cascading approach here are that it is more efficient than, for example, a
weighted hybrid that applies all of its techniques to all items, since the cascades sec-
ond step focuses only on those items for which additional discrimination is needed.
Furthermore, the cascade is, by nature, tolerant of noise in the operation of a lesser-
priority technique, since results returned by the high-priority recommender can only
be refined, not overturned. Experiments with EntréeC indicate that collaborative
filtering does improve the performance over the knowledge-based Entrée system
acting alone. In [5] Burke discusses the trade-offs that exist between alternate rec-
ommendation techniques and reviews some of the combination methods that have
been used in other conventional hybrid recommender systems, that also would be
relevant to critique-based recommenders (see also Chapter [Cross-Chap Ref]).

Faltings et. al.[13] argue that a key design question in critiquing systems is what
recommendations to present users in order to best help them locate their most pre-
ferred solution. They propose two key requirements: (1) that the recommendations
must stimulate the user to express further preferences (i.e., by showing the range of
alternatives available), (2) that presented recomendations must contain the solution
that the user would consider optimal (if the currently expressed preference model
was complete) so that he select it as a final solution. The dynamic critiquing ap-
proach attempts to address these requirements through the provision of compound
critiques that describe where the user can navigate to. However, systems that rely
on unit critiques may find the low feature-level feedback it provides can be insuffi-
ciently detailed to sharply focus the next recommendation cycle [31]. For example,
by specifying that they are interested in a digital camera with a greater resolution
than one of the presented recommendations the user is helping the recommender to
narrow its search but this may still lead to a large number of available candidates
to chose from. Instead a combination of critiquing and value elicitation feedback
modes (e.g., Show me a 5 megapixel camera) is likely to reduce the number of
product options much more effectively in this instance.

McGinty & Smyth [30, 31] demonstrate how critique-based recommenders can
suffer from protracted recommendation sessions, when compared to value elicita-
tion approaches. As a potential solution they describe a novel switching strategy

5 http://www.critiqueshop.com/
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whereby the mode of retrieval is adapted in accordance with user critiquing be-
haviour. They demonstrate how their Adaptive Selection strategy, offers potential
dialogue reductions of 60% over standard similarity-based and diversity-enhanced
retrieval approaches (see Chapter [Cross-Chap Ref]).

In more recent work, Chen and Pu [8] describe their example critiquing approach,
recognising that user preferences are often context dependent. Here, multiple rec-
ommendations are presented and the user chooses one to critique. They take a
preference-based organisation [11] approach to recommending the highest utility
products and also allow users to freely compose compound critiques over multi-
ple features which indicate the simple and complex trade-offs they are prepared to
make.

3.2.4 Multi-user preference handing

The task of recommending items/products to a group of users presents a number of
challenges (see for example, [2], [45], and [22]). Early work in this area by Jame-
son [18] highlights a number of these (summarised by Fig. 10) and considers how
they could be dealt with within the context of a prototype group recomender: The
Travel Decision Forum. While these systems are susceptible to the same problems as
single-user recommenders (e.g., preference inconsistency and volatility) other key
distinguishing characteristics include the need to promote mutual awareness of indi-
vidual preferences amongst group members, and consensus negotiation (see Section
4 for an overview of how the interface plays a critical role here). While the notion
of generating a set of recommendations to satisfy a group of distributed users with
potentially competing interests is challenging in itself, a further challenge is how
to record and combine the preferences (and resolve conflicts) for multiple users as
they engage in live synchronous recommendation dialogs [27]. Key objective ques-
tions here include: (1) how can multi-user interaction be managed to facilitate the
harvesting of feedback and preferences from multiple simultaneous users?, and (2)
how to dynamically maintain models of individual and group preferences with a
view to influencing recommendation such that the resulting suggestions are likely
to satisfy both the individual and the group?

Recent work by McCarthy et al. [27, 29] has concentrated on preference aggre-
gation and consensus negotiation within a critique-based, group recommendation
architecture. They introduce the Collaborative Advisory Travel System (CATS) de-
signed to provide assistance to a group of friends trying to arrive at a consensus
in relation to planning a skiing vacation together. The system supports both indi-
vidual and multi-user feedback modes through the use of both dynamic unit and
compound critiques, and individual and group preference models6. It is reasonable
to assume that an individual user may need to revisit a previously seen recommen-
dation in this kind of a system in the light of subsequent feedback from other group
members. For example, a user may later be willing to compromise on the price

6 The compound critique generation approach implemented here is that which addresses Section
3.1.3
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of a holiday in the knowledge that other members are also willing to do so. CATS
supports this by facilitating the generation of both proactive as well as reactive rec-
ommendations. Reactive recommendations refer to those suggestions presented to
the individual user, in response to their own critiques based on their personal user
model. Proactive recommendations, by contrast, are automatically generated by the
system to the group when a recommendation candidate satisfies an unusually high
proportion of group preferences; irrespective that a member may have previously
rejected this candidate. In addition, individual group members can also identify to
the system what they feel are potential recommendation candidates that may be of
interest to the whole group. Preference inconsistencies within individual user pref-
erence models are managed through incremental critiquing. The group model may
contain conflicting preferences and the objective when generating recommendations
is that these inconsistencies are minimized by preferring candidates that are maxi-
mally compatible multi-user preferences.

Fig. 10 Challenges facing group recommendation architectures as summarised by Jameson [18].

To the best of our knowledge (at the time of writing) there is no other work in the
area of critique-based recommendation that has concentrated on modeling multi-
user preferences. As such, in the interest of completeness, we draw some compar-
isons with typical (non-critique-based) group recommenders. Existing multi-user
negotiation/collaborative applications range from virtual environments [48] to sales
by action [14]. For the most part of these systems assume an automated negotiation
that is based on existing static individual preference models in the system. The live
interactive nature of the CATS system renders the use of static preference models
inappropriate. In CATS individual preference models tend to be especially volatile
as a consequence of the influence of multi-user feedback. Other research in the gen-
eral area of group recommendation includes the MusicFX System [23]. MusicFX
is a group preference arbitration system automatically adjusts the selection of mu-
sic playing in a fitness center to best satisfy the musical tastes of a group in the
same environment. PolyLens [44] is a generalization of the MovieLens system that
recommends movies to groups of users though preference modelling. In contrast, it
uses collaborative filtering which draws on the historical music preferences of other
users in similar contexts. Like CATS, the Travel Decision Forum [18] helps a group



20 Lorraine McGinty and James Reilly

of users to agree on a vacation that they are planning to take together. However,
it concentrates on supporting users who are not co-located. In other related work,
Plua & Jameson [47] propose a group recommendation approach where users can
get help from others in their group about preferences when their domain knowledge
may be incomplete. Unlike CATS, this system was intended for use by a group that
interact asynchronously rather than simultaneously.

4 Interfacing Considerations Across Critiquing Platforms

Different domain and platform characteristics present recommender interface de-
signers with very different technical and usability challenges. In this section we con-
centrate on design decisions that have been implemented within existing critique-
based recommenders. Unsurprisingly, a common theme is how best to manage trans-
parency and control, while also ensuring the level of cognitive and interaction effort
required of the user is kept to a minimum.

4.1 Scaling to Alternate Critiquing Platforms

While the majority of critique-based recommenders assume desktop web-based
platforms (e.g., The FindMe Systems, QuickShop, EasyShop, CritiqueShop, AptDe-
cision, SmartClient), critiquing has also been demonstrated to be an effective in-
terfacing methodology across other platform settings. For instance, Ricci & Nguyen
[60, 40, 61] concentrate on interface design and evaluation for critique-based recom-
menders targeted at mobile devices. They point out that very few web-based systems
are designed for mobile users; none of them being conversational. Persistent direct
manipulation of the interface is not practical here. Key challenges include: that these
devices have much smaller screen-sizes, less keypad functionality than traditional
PDA’s (e.g., Palm or Pocket PC), and limited computing power. Their MobyRek mo-
bile portal interfaces with a web-based recommender that helps users make travel
plans in advance. Essentially, MobyRek offers the on-tour support required when a
user is traveling to or has arrived at their destination.

Staying in the mobile space, Fig. 11 illustrates how the CritiqueShop interface
has been scaled to the iPhone. The key considerations influencing design were the
limited screen area and increased opportunity for direct user manipulation (bearing
in mind that the iPhone has a touch-sensitive interface). Another design decision
made here was to move away from text-based compound critique representation,
preferring instead to present more visual alternatives (this is discussed later).

In other work, McCarthy et. al. [28] describe how the CATS group recommender
operates on the interactive, multi-user MERL DiamondTouch7 table-top device. The

7 The DiamondTouch product line has moved operations from the MERL research lab and into a
separate company called Circle Twelve Inc.
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Fig. 11 Screen-shot of the CritqueShop visual interface for the iPhone [www.critiqueshop.com] .

DiamondTouch table is a multi-user, touch-and-gesture-activated screen for support-
ing small group collaboration. Users interact with the display simultaneously (i.e.,
without having to take turns), browsing through the potential ski holiday options and
critiquing recommendations returned to them (i.e., recommendations that are influ-
enced by the evolving individual and group member critiquing patterns, as discussed
earlier). Users can also copy and paste potential options of interest to other users, as
well as confer on a face-to-face basis about their preferences as they interact in this
unusual manner.

4.2 Direct Manipulation Interfaces vs Restricted User Control

A fundamental consideration that has influenced the design of critiquing interfaces
is the importance of finding the right balance between eliciting precise preference
information and the cost of acquiring it. Early critique-based recommenders offered
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Fig. 12 Illustrating the illustrating the CATS interaction with the Diamond Touch.

very restricted user control (i.e., static critiques were presented by the system and
the user could only select one to apply). Later systems, such as QwikShop, EasyShop
and CritiqueShop, offer the user a little more interfacing control through the provi-
sion of alternate (i.e., unit/compound) critiquing modes to choose from, but do not
allow the user to directly revise their preference model (e.g., Apt Decision), or set
explicit constraint boundaries on certain features (e.g., as is the case in SmartClient).

Chen and Pu [10] demonstrate how their hybrid interface supports both user-
motivated and system-proposed critiquing and enables users to achieve a higher
level of decision accuracy and interfacing satisfaction, while consuming less cog-
nitive effort, than that of a standalone system-proposed critiquing interface. Instead
of suggesting pre-computed critiques for users to choose, the user self-motivated
critiquing approach focuses on showing examples and stimulating users to make
unit or compound critique selections over any combination of features as they wish.
Importantly, users also have the freedom to specify their tradeoff criteria in terms
of improvement and compromise regarding the individual features, and see a new
set of products better approaching her ideal choice (see previous Fig. 5). McSherry
[36] seeks a middle-ground by introducing the notion of direct, user-motivated re-
laxation critiques in addition to system-generated relaxation mechanisms in a pro-
gressive critiquing recommender. This mixed-initiative approach implemented by
the Tweak 2 system allows the user to request an item like the current recommenda-
tion but with no restriction on the value of a particular (previously critiqued) feature
of their choosing.

Mobile platforms present the user with a very limited control and interfacing li-
cense [42]. In addition, telecommunication service costs tend to discourage users
from engaging in lengthy interaction sessions. In this space it is usual to measure
efficiency by the number of clicks, scrolls, and keypad actions, the user needs to
perform. User-control is often sacrificed in view of keeping costs low (i.e, time
and money). Two key goal requirements that influenced the adoption of critiquing
within MobyRek as a suitable direct feedback mechanism are: (1) useful prefer-
ence information needed to be captured within a very small screen area, and (2) the
user-system interaction had to be low-cost; that is, requiring minimal time to obtain
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a useful recommendation. Evaluations demonstrate that users are typically recom-
mended acceptable recommendation options8 within 2-3 cycles/clicks [42, 60].

Fig. 13 The MobyRek Mobile Restaurant Recommender [60].

4.3 Supporting Explanation, Confidence & Trust

A recommender system’s ability to establish trust with users and convince them of
its recommendations, such as which camera or PC to purchase, is highlighted as a
crucial design factor [49, 50]. If users perceive it to be capable and efficient at assist-
ing them to make decisions, they are more likely to return to the interface. A number
of researchers have developed design principles and strategies for building trust in
critique-based recommenders through the explanation of recommendations to users
(e.g., see [50, 56, 65]). Generally a product recommender may use explanations to
explain: (1) the reasons why a particular product was (or was not) recommended
[34], and/or (2) what opportunities remain: that is, “where can I get to from here”,
when presented with an unsuitable recommendation [56]. In the first instance, ex-
plaining why a product was recommended can be simply managed by showing the
user the information contained in the user model, as is the case in with Apt Decision
(see Fig.6) by way of justification [65]. McSherry [34, 35] highlights the greater
importance of explaining the cause of any retrieval failure when a recommendation
does not satisfy a user’s requests. He describes a mixed-initiative approach to re-
covery from retrieval failure by highlighting subsets of query features that cannot

8 For the purpose of the evaluation a mobile restaurant application is presented whereby location
information is collected using the GPS receiver connected via Bluetooth
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be satisfied such that the user revise their constraint boundaries (e.g. “there are no
cameras with price less than e300 and resolution greater than 4 mega-pixels”).

Reilly et. al. [56] argue that dynamic compound critiques help the user to better
understand the recommendation opportunities that exist beyond the current cycle
by helping them to appreciate common interactions between features (i.e., explana-
tion through increased system transparency [65]). In many recommender domains,
where the user is likely to have incomplete knowledge about the finer details of the
feature-space, compound critiques will help to effectively map out this space and
minimise decision error. For instance, with standard critiquing in the digital cam-
era domain a user might naively select the [Price,<] unit critique in the mistaken
belief that this may deliver a cheaper camera that satisfies all of their other require-
ments. However, reducing price in this way may lead to a reduction in resolution
that the user might not find acceptable and, as a result, they will have to backtrack.
Hadzic & O’Sullivan [16] highlight a further potential problem here - that is, cri-
tiques suffer from a lack of symmetry that may prove to be counter-intuitive to a
user. So, attempting to undo a critique by applying its opposite may not work like
using the back button on a web-browser. This problem is less likely to occur if the
compound critique {[Price,<], [Resolution,<]} is presented because the user will
come to understand the implications of a price-drop prior to selecting any critique.
In addition, QwikShop reserves an area of the interface which provides further ex-
planation support. The user is given information about the number of products that
relate to each presented critique option and the feature value ranges for each that it
covers as illustrated by Fig. 2.

Providing system transparency through explanation allows users to more confi-
dently assess the reliability of a system (i.e. increased user-confidence). Comple-
mentary to the concept of explanation is the concept of system confidence in a rec-
ommendation. In order to fully maximise user confidence in a recommendation, the
system itself should be capable of assessing its own confidence, or lack thereof, in
the recommendation. Reilly et. al [58] propose a methodology for modeling confi-
dence at the system-level designed to work with critique-based recommenders. By
informing the user of how confident the system itself is in a recommendation, the
user can better judge how much trust to place in the recommendation. They propose
a feedback influenced model that calculates measures of system confidence at both
the feature and product-levels. A low system confident score for the price feature,
for example, would translate that the system is uncertain if the recommendation
focus is concentrating on the correct price range for that user. Once users have a
clearer understanding of those features needing clarification, they might be more in-
clined to refocus their feedback (i.e, refine and improve their preference model). The
authors also demonstrate how product-level confidence scores supplement existing
similarity knowledge, in order to guide the recommender towards more confident
suggestions.



On the Evolution of Critiquing Recommenders 25

4.4 Visualisation, Adaptivity, and Partitioned Dynamicity

Recent work highlights the benefits of using visual interfaces in critique-based rec-
ommenders. Zhang et. al. [71] introduce a visual interface where compound cri-
tiques are represented by meaningful icons as opposed to through plain text. Fig.
14 shows an example of how a single compound critique is represented by both
approaches. Their studies demonstrate that users are more likely to apply visual
compound critiques over the textual form (i.e., recording application frequency im-
provements of nearly 50%), and subsequently benefit from reduced interaction times
(e.g., reductions in session length of up to 53%)9. Fig. 11 illustrates how the visual
interface proposed by Zhang et. al operates on the iPhone.

Fig. 14 Illustrating textual and visual representations of a single compound critique (from [71]).

Other research has demonstrated the power of highly adaptive visual interfaces
that support the dynamic change of interface icons in response to user critiquing
feedback. Specifically, Averjanova et. al. [1] demonstrate how recommendation ef-
fectiveness (e.g., average session length reductions of 17%) and user satisfaction can
be improved in the MobyRek system [60] through the integration of a map-based vi-
sualisation interface. Similarly, the usability studies of CATS group recommender
[28] show that the dynamic adaptive interface promotes the mutual awareness of
changing multi-user preferences. A key design consideration common to both sys-
tems was how best to address the problem of limited critique influence on recom-
mendations whereby it was hard for the user to see the effect of a critique. This
problem was identified in both cases through real-user usability evaluations. Both
systems address this in a very similar way though the the use of dynamic interfacing
components (i.e., icon resizing and colour coding recommendations). For example,
in CATS if the level of interest in a particular holiday resort is high amongst the
group then this resort is resized to be larger than those that are of lesser interest.
Another concern reported by users of the early MobyRek interface was limited dis-
tance perception whereby it was difficult for users to compare distances to restau-
rants from their current position as they are on the move. A further extension in the
revised MapMobyRek System included a map-based interface to address this prob-
lem. Other extensions included colour-coding to represent the degree of suitability

9 Results refer to data gathered using a version of the system that operated over a laptop dataset.
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of recommendation and the functionality to support side-by-side item comparisons.

Fig. 15 Illustrating the visualisation interface of the MapMobyRek Mobile Recommender [1].

Like MobyRek, CATS implements a map-based interface, however an additional
design consideration was how best to communicate progress towards consensus
agreement to all group members. This is effectively achieved through the use of
highly visual color-coded consensus barometers that summarize evolving user opin-
ions on competing candidate vacation options. A further concern when designing
adaptive interfaces that change rapidly in-session is the risk of user confusion. Qwik-
Shop, EasyShop, CritiqueShop partition the dynamic and static elements of their in-
terfaces [68]. This was a key design consideration in the CATS recommender where
it was necessary to keep members aware of each other’s preferences and motiva-
tional orientations, without confusion. This is managed through the use of intuitive
and distinct, shared and individual spaces and careful design of visual cues. In ad-
dition, a range of dynamic interfacing components are introduced to communicate
information about evolving group preferences and monitor progress towards reach-
ing a group consensus.

4.5 Respecting Multi-cultural Usability Differences

It is well documented that aspects of a user interface that are appropriate for one
culture may not be suitable for another (see for example, [19], [21], [43]). In re-
cent related work, Chen and Pu present a comprehensive cross-cultural evaluation
of web-based critiquing interfaces [12]. Specifically, they compare user responses
to two strategies for displaying e-commerce (i.e, laptop) recommendations: (1) as
a ranked ordered list of items where each item has an explanation as to why it was
retrieved, and (2) as a preference-based organization, whereby groups of recom-
mendations are categorised and their collective differences/trade-offs relative to the
top ranked product. Very briefly, subjective evaluations over 120 participants (60
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western culture/60 oriental culture) have shown that organisational view had the
most impact on all users, in terms of how they perceived recommendation quality
and their overall satisfaction. For a more comprehansive breakdown of comparisons
regarding subjective perceptions please refer to [12].

5 Evaluating Critiquing: Resources, Methodologies and Criteria

In this section we first list some of the resources that have been commonly used for
evaluation purposes in this area, and provide details of where they can be accessed.
Next, we summarise the typical evaluation methodology and outline some of the
key evaluation criteria that are commonly used.

5.1 Resources & Methodologies

Those starting out in this area should be aware that a large number of the datasets
that have been used for evaluation purposes in the published research are freely
available for download10. Examples include the Travel (e.g., as used by [24, 57, 32]),
PC (e.g., as used by [57, 37, 38, 32]), Whiskey (e.g. as used by [32]), and Digital
Camera (used by [25]) datasets. The Entrée data is also freely accessible11. In other
work, apartment [53, 72] and ski-holiday [27] datasets have also been used but these
are not publicly available.

In general, most evaluation methodologies that are common to recommender sys-
tems evaluation can be applied here (see [Cross-Chap Ref]). In the ideal case, live
usability studies and performance evaluations should be ultimately carried with real
users when evaluating the performance (both subjective and objective) of critique-
base recommenders. However, it can be difficult to recruit sufficient numbers of
volunteers to participate in multiple trials. As a solution here, it is common for sim-
ulated studies to be conducted (the results of which are expected to be later validated
in a real-user setting) across a range of different datasets (such as those mentioned
earlier), and artificial user profiles. If sufficiently well designed, these off-line simu-
lations can be reliable indicators of real-world performance. A common methodol-
ogy that has been widely adopted in the literature on critique-based research when
conducting performance evaluations is the leave-one-out methodology [31]. Very
briefly, by this methodology, each product of a product dataset is set as a recommen-
dation target and is temporary removed from the dataset. A subset of its features is
chosen as the initial query. In each recommendation cycle the critique applications
are applied such that they concur with the features of the target. The simulated rec-
ommendation session ends when the most similar product to the ideal product is

10 URL - http://cbrwiki.fdi.ucm.es/wiki/index.php/Case Bases
11 URL - http://kdd.ics.uci.edu/databases/entree.data.html
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recommended. Importantly, experimental setups should always have a correspond-
ing control setup (e.g., using an alternate retrieval strategy, or feedback approach)
to allow for the appropriate assessment of the significance of results. Unfortunately,
the only acceptable way to evaluate usability is through real-user interaction trials.

5.2 Evaluation Criteria

Common objective performance measures that have been used by evaluations of
critiquing research include:

Efficiency: Positively demonstrated by reductions in session length (i.e., the num-
ber of critiquing cycles/interactions) that a user engages in before they find their
target product (see [37, 38, 72, 36, 71, 12, 60, 57, 59, 1, 25]) , the amount of time
taken to reach a target recommendation [9, 12, 1, 67].

Accuracy: There are many ways to measure correctness. Some of these include:
Critique Prediction Accuracy: Refers to the number of times a presented critique
matches that which was selected by a real user [11, 59, 5].
Critique Application Frequency: Refers to the proportion of the time critiques
are applied by the user (i.e., their relevance to the preference model) [72, 71, 59,
10, 25].
Recommendation Accuracy: Measured by Chen & Pu in [11] as the % of cy-
cles where following the application of an applied critique the target recom-
mendation was reachable (i.e., located in the recommended products), and by
[60, 38, 35, 67] as the % of successful sessions.
Decision Accuracy: Refers to the proportion of the time where the recommen-
dation that was ultimately accepted by the user was actually the best solution.
Measured in [8, 10] as % of cycles where the user changed their mind once they
were shown all the alternatives. Measured by [41] as the degree of position dis-
placement.

Interaction Effort: Usually refers to average session click-distance or the number
of interactions (i.e., critiques) to arrive at a given target. Assuming one critique
is applied in each cycle will be equivalent to measuring session length [11, 9, 12,
10].

Real-user usability performance evaluations of critique-based recommender re-
search has commonly surveyed participants and sought their subjective feedback on
a Likert scale over criteria such as: (see for example, [8, 9, 61, 60, 12, 59, 24, 10, 1]).
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System Design:
System Transparency: Does the user understand why recommendations were made?
User Control: Did the user feel that they had control over the specification over their

preferences throughout the interaction?

Competence
Perceived Ease of Use: Did the user find the system easy to use?
Perceived Usefulness: Did the user feel that the system was useful (e.g., relavant

recommendations, good explanations, etc.).
Decision Confidence: How confident was the user that they found the best product for them?
Perceived Effort: How easily did they find the information they were looking for?
Perceived Accuracy: Where the suggestions accurate?

Trust
Satisfaction: How satified was the user with the interaction?
Recommendation trust: Did the user feel that the recommender consistently provided

suggestions that were suited to their preferences?

User Intention
Purchase Intention: Would the user purchase this product if given the opportunity?
Return Intention: Would the user return to use the system (over another)?

6 Conclusion / Open Challenges & Opportunities

In this chapter we have presented, a non-technical overview of the evolution of cri-
tiquing research over the past decade. We believe that this could serve as a useful
reference for researchers starting out in this area. We have described the benefits of
the approach as they apply to a number of existing critiquing systems. Key issues
and challenges brought into focus by the community have been discussed in terms
of how advances have been made towards: (1) automated critique presentation in
view of optimising preference acquisition, and (2) the improved retrieval perfor-
mance of critique-based recommenders. In addition, we have present an overview
of the various design considerations that have influenced the integration of the cri-
tiquing mode of feedback across alternate platforms and user environments. Finally,
we summarised some of the popular evaluation criteria that tend to be used when
evaluating critique-based systems.

Although there has been a considerable level of research activity in this area there
are still many open challenges and opportunities. There are far too many to cover
here but by way of concluding the chapter we will highlight a few examples. First,
the majority of existing systems have assumed that users will execute only positive
critiques that in the direction of preferred recommendation items (e.g., Show me
more like item A, but cheaper). Sometimes it may make sense for a user to apply
negative critiques, such as Do not show me any more like X that are in location Y
as these are arguably just as important for the system when understanding the user’s
needs and preferences.

There has not been a lot of work on the topic of entry-point decision making,
whereby the focus is on what recommendations to present first (see [13, 39]). Recent
work by Hadzic & O’Sullivan introduced the notion of a critique graph as a formal
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basis for reasoning about the set of products that can be reached using critiquing
from a given recommendation. They propose that a useful basis for calculating the
best entry recommendations to select is to use the concept of minimum catalogue
cover (i.e., identify the set of recommendation candidates from which every other
recommendation can be reached if critiqued optimally). It is important to note that
not all recommendations are reachable from a given recommendation candidate. In
a similar vein, the authors describe how certain recommendations can exist that are
not covered by any other product (i.e., that are not reachable through any series
of critique applications). In this situation a useful principle might be to prioritise
inclusion of these in the entry set. This idea has not been implemented or explored
further by existing research as yet, although it has very good promise.

The challenge of modeling user preferences gathered from critiquing feedback
is still a topic that a lot of current research continues to explore. Other approaches
to modeling user preferences and comparative evaluations of existing approaches
would be very interesting. Also, while recent work has looked at the idea of main-
taining separate long-term and short-term preference models [41], there has been no
work that has concentrated on how information might be transferred and maintained
between them, and what the benefits/consequences of doing this might be. The in-
vestigation of further approaches for the aggregation of multi-user preferences is
another open challenge, as very little work has been carried out in this area to date.
While early work in group critique-based recommenders [27] has demonstrated the
benefits of one such approach in the context of a collaborative environment, assum-
ing synchronous feedback, other opportunities remain. Examples include, the ex-
tension of critiquing to other asynchronous, and/or non-collaborative environments
(perhaps where multiple users may interact in a non co-operative fashion). Such re-
search could lead to the adoption of critiquing as an interaction mode in application
areas currently unexplored by critiquing research such as game-play, for example.
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