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Position Statement

Designing usable interfaces for an Al algorithm is
challenging. The user interface and algorithm have to
be designed in such a way that users know what input
they are expected to provide, how and when that input
should (or can) be provided, how the system output
should be interpreted, and when the output can be
trusted. Well documented challenges include the
difficulty of building systems that clearly define their
boundary of competency and provide gracefully
degrading support under boundary conditions. Maglio et
al. (2003) describe an instructive counter example in



which an airline accident was caused by the fact that a
control system of an MD-83 airplane compensated for
the slow deterioration of a plane component without
notifying the pilots. The plane seemed to be in perfectly
normal condition until the automatic system could no
longer compensate for the abnormal condition. Under
these conditions also the pilot could not keep the plane
from spiraling out of control. A system that would have
degraded more gracefully and informed pilots of the
deteriorating condition had provided pilots with more
time to plan for an emergency landing.

A related challenge is to make AI systems trustable for
users. In our research on eCommerce Recommender
systems we found that a key requirement for users to
trust recommendations is the ability of the system to
provide useful explanations how users’ stated needs are
fulfilled by the suggested products (Stolze & Nart,
2004, Felix et al. 2001). We found that users had
problems trusting the Recommender system if it just
provided a ranked list of products that did not indicate
why exactly a given product was better than another in
fulfilling the user’s stated needs. In particular, we
identified the desire of users to learn enough about a
domain to convince themselves which product best
matches their needs (Stolze & Strébel, 2004). The
importance of explanations is also confirmed by studies
of other types of Recommender systems (Herlocker et
al., 2000; Spiekermann & Parachiv, 2002; Sinha &
Swearingen, 2002; O'Donovan & Smyth, 2005; Pu &
Chen, 2006). Similar findings are reported in related
domains such as mixed initiative planning and cognitive
assistance (Cortellessa & Cesta, 2006; Glass et al.,
2007). Explanations are also seen as a useful tool to
support students and users to learning about a new
domain (Patokorpi, 2007).

The requirement for making recommendations explain-
able and traceable can create an interesting dilemma.
Results of algorithms will be easier to explain if they
use a less sophisticated reasoning mechanism and rely
on explicitly stated rules (or cases) instead of statistical
analysis of dynamically collected information. This
implies that there is the danger that these algorithms
are basing their recommendation on rules that are very
general and possibly outdated. In a pointed way one
could therefore claim that system designers have to
choose between two unsatisfying choices. The first
option is to select an algorithm that is “smart” and low
maintenance as it derives recommendations from
statistical analysis of collected data. But this makes the
algorithm difficult to explain and therefore difficult to be
trusted by users. The second option is to select an
algorithm that is less “smart”, uses rules or cases that
require manual maintenance and might outdate more
quickly. But the way recommendations have been
derived can be explained to the user, which makes it
easier to be trusted.

In some domains this dilemma can be avoided. Stumpf
et al. (2007) report on a study in the domain of e-mail
classification. The best performing machine learning
model was a decision tree. This model also was well
suited to generate the rule-oriented explanations that
where preferred by users over other forms of expla-
nations. For explaining task execution of cognitive
assistance agents McGuinnes et al. (2007) have deve-
loped an architecture that can provides different types
of explanations depending on specific user needs. Their
solution provides a uniform way of encoding task
execution as well as deductive reasoning and learning
components as task processing justifications. Thus,
explanations are directly generated by introspection of



the models and algorithms used for generating
recommendations.

We expect that for some recommender systems inde-
pendent models for learning and explanation will be
most appropriate. For example, a recommender system
could use a Bayesian model for learning and generating
recommendations, but it could use a rule base in com-
bination with abductive reasoning (Peng & Reggia) to
generate plausible explanations that are easy to under-
stand by users. This way recommendations can be
generated from up-to-date statistical information while
explanations can be generated based on a manually
maintained knowledge base that links recommenda-
tions to established and well understood principles.
Cases that cannot be properly explained with the
current explanation model point to the need for
updating the explanation model. We expect that the
resulting system will be able to provide trustable
recommendations without having to rely on over-
simplified reasoning models. Empirical studies in real-
world application domains will be needed to determine
the usefulness and practicability of such a hybrid
approach.
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