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Fig. 1. Top three rules learned for the class poisonous in the Mushroom dataset.

concept where the extension and the intension are Pareto-maximal, i.e., a concept where no conditions can be added without reducing the number of covered
examples. In Michalski’s terminology, a formal concept is both discriminative
and characteristic, i.e., a rule where the head is equivalent to the body.
It is well-known that formal concepts correspond to closed itemsets in association rule mining, i.e., to maximally speciﬁc itemsets (Stumme et al., 2002).
Closed itemsets have been mined primarily because they are a unique and compact representative of equivalence classes of itemsets, which all cover the same
instances (Zaki and Hsiao, 2002). However, while all itemsets in such an equivalence class are equivalent with respect to their support, they may not be equivalent with respect to their understandability or interestingness.
Consider, e.g., the infamous {diapers, beer} itemset that is commonly used
as an example for a surprising ﬁnding in market based analysis. A possible
explanation for this ﬁnding is that this rule captures the behavior of young
family fathers who are sent to shop for their youngster and have to reward
themselves with a six-pack. However, if we consider that a young family may
not only need beer and diapers, the closed itemset of this particular combination
may also include baby lotion, milk, porridge, bread, fruits, vegetables,
cheese, sausages, soda, etc. In this extended context, diapers and beer appear
to be considerably less surprising. Conversely, an association rule
beer :- diapers

(1)

with an assumed conﬁdence of 80%, which at ﬁrst sight appears interesting
because of the unexpectedly strong correlation between buying two seemingly
unrelated items, becomes considerably less interesting if we learn that 80% of
all customers buy beer, irrespective of whether they have bought diapers or not.
In other words, the association rule 1 is considerably less plausible than the
association rule
beer:- diapers, baby lotion, milk, porridge, bread,
fruits, vegetables, cheese, sausages, soda.

(2)
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even if both rules may have very similar properties in terms of support and
conﬁdence.
Stecher et al. (2014) introduced so-called inverted heuristics for inductive
rule learning. The key idea behind them is a rather technical observation based
on a visualization of the behavior of rule learning heuristics in coverage space
(Fürnkranz and Flach, 2005), namely that the evaluation of rule reﬁnements
is based on a bottom-up point of view, whereas the reﬁnement process proceeds top-down, in a general-to-speciﬁc fashion. As a remedy, it was proposed
to “invert” the point of view, resulting in heuristics that pay more attention
to maintaining high coverage on the positive examples, whereas conventional
heuristics focus more on quickly excluding negative examples. Somewhat unexpectedly, it turned out that this results in longer rules, which resemble characteristic rules instead of the conventionally learned discriminative rules. For
example, Fig. 1 shows the two decision lists that have been found for the UCI
Mushroom dataset3 with the conventional Laplace heuristic hLap (top) and its
inverted counterpart 4Lap (bottom). Although fewer rules are learned with 4Lap ,
and thus the individual rules are more general on average, they are also considerably longer. Intuitively, these rules also look more convincing, because the
ﬁrst set of rules often only uses a single criterion (e.g., odor) to discriminate
between edible and poisonous mushrooms. Stecher et al. (2016) and Valmarska
et al. (2017) investigated the suitability of such rules for subgroup discovery,
with somewhat inconclusive results.
3.3

Conﬂicting Evidence

There are many plausible reasons why simpler models should be preferred over
more complex models. Obviously, a shorter model can be interpreted with less
eﬀort than a more complex model of the same kind, in much the same way as
reading one paragraph is quicker than reading one page. Nevertheless, a page of
elaborate explanations may be more comprehensible than a single dense paragraph that provides the same information (as we all know from reading research
papers). Other reasons for preferring simpler models include that they are easier
to falsify, that there are fewer simpler theories than complex theories, so the
a priori chances that a simple theory ﬁts the data are lower, or that simpler
rules tend to be more general, cover more examples and their quality estimates
are therefore statistically more reliable. However, even in cases where a simpler
and a more complex rule covers the same number of examples, shorter rules are
not necessarily more understandable. There are a few isolated empirical studies
that add to this picture. However, the results on the relation between the size
of representation and comprehensibility are limited and conﬂicting.
Larger Models are Less Comprehensible. Huysmans et al. (2011) were among
the ﬁrst that actually tried to empirically validate the often implicitly made
claim that smaller models are more comprehensible. In particular, they related
3

https://archive.ics.uci.edu/ml/datasets.html.
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increased complexity to measurable events such as a decrease in answer accuracy, an increase in answer time, and a decrease in conﬁdence. From this, they
concluded that smaller models tend to be more comprehensible, proposing that
there is a certain complexity threshold that limits the practical utility of a model.
However, they also noted that in parts of their study, the correlation of model
complexity with utility was less pronounced. The study also does not report on
the domain knowledge the participants of their study had relating to the data
used, so that it cannot be ruled out that the obtained result were caused by
lack of domain knowledge. A similar study was later conducted by Piltaver et al.
(2016), who found a clear relationship between model complexity and comprehensibility in decision trees.
Larger Models are More Comprehensible. A direct evaluation of the perceived
understandability of classiﬁcation models has been performed by Allahyari and
Lavesson (2011). They elicited preferences on pairs of models which were generated from two UCI datasets: Labor and Contact Lenses. What is unique to this
study is that the analysis took into account the estimated domain knowledge of
the participants on each of the datasets. On Labor, participants were expected
to have good domain knowledge but not so for Contact Lenses. The study was
performed with 100 student subjects and involved several decision tree induction algorithms (J48, RIDOR, ID3) as well as rule learners (PRISM, Rep, JRip).
It was found that larger models were considered as more comprehensible than
smaller models on the Labor dataset whereas the users showed the opposite preference for Contact Lenses. Allahyari and Lavesson (2011) explain the discrepancy
with the lack of prior knowledge for Contact Lenses, which makes it harder to
understand complex models, whereas in the case of Labor, “. . . the larger or more
complex classiﬁers did not diminish the understanding of the decision process,
but may have even increased it through providing more steps and including more
attributes for each decision step.” In an earlier study, Kononenko (1993) found
that medical experts rejected rules learned by a decision tree algorithm because
they found them to be too short. Instead, they preferred explanations that were
derived from a Naı̈ve Bayes classiﬁer, which essentially showed weights for all
attributes, structured into conﬁrming and rejecting attributes.

4
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A lot of work in interpretability has focused on the mere syntactic comprehensibility of a concept. For example, Muggleton et al. (2018) provide an operational
deﬁnition of comprehensibility, which essentially captures how quickly a learned
concept can be utilized in solving the problems from the same task domain,
typically classifying new examples. In Fürnkranz et al. (2018), we have advocated the view that there is more to interpretability than the mere ability to
syntactically parse and understand a given concept.
Consider, e.g., Fig. 2, which shows several possible explanations for why a city
has a high quality of living, derived by the Explain-a-LOD system, which uses
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Fig. 2. Good discriminative rules for the quality of living of a city (Paulheim, 2012)

Linked Open Data as background knowledge for explaining statistics (Paulheim
and Fürnkranz, 2012). Clearly, all rules are comprehensible, and can be easily
applied in practice. Even though all of them are good discriminators on the
provided data and can be equally well applied by an automated system, the
ﬁrst three appear to be more convincing to a human user. However, currently
available rule learning systems would not be able to express a preference for the
rules in Fig. 2(a) over those in Fig. 2(b). For doing so, one needs to capture not
only the comprehensibility of a rule, but also its plausibility.

5

Cognitive Biases

In order to work towards interpretability biases for machine learning, it is useful
to consider work in psychology on cognitive biases. Tversky and Kahneman
(1974) deﬁned a cognitive bias as a “ systematic error in judgment and decisionmaking common to all human beings which can be due to cognitive limitations,
motivational factors, and/or adaptations to natural environments. ”
The presumably most famous example is the so-called conjunctive fallacy,
exempliﬁed by the Linda problem (cf. Fig. 3). In this problem, subjects are asked
whether they consider it more plausible that a person Linda is more likely to be
(a) a bank teller or (b) a feminist bank teller. Tversky and Kahneman (1983)
report that based on the provided characteristics of Linda, 85% of the participants indicate (b) as the more probable option. This was essentially conﬁrmed
by various independent studies, even though the actual proportions may vary.
However, of course, hypothesis (a) is more likely to be correct because a conjunction will never cover more cases than each of its constituents. For our purposes,
this example reiterates the point that shorter explanations are not necessarily
preferred by human subjects, and that a bias for interpretability should take
other factors into account.
The conjunctive fallacy has received considerable attention in the psychological literature, and many possible explanations for this and related phenomena have been proposed (cf. Pohl 2017, for a survey). The results are predominantly attributed to the representative heuristic (Tversky and Kahneman, 1974),
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Fig. 3. The Linda problem (Tversky and Kahneman, 1983).

according to which people tend to confuse probability with similarity, i.e., Linda
is more similar to our mental image of a feminist bank teller than to a generic
bank teller. Another potentially relevant explanation is given by Hertwig et al.
(2008), who hypothesizes that the humans tend to misunderstand conjunctions.
They discussed that “and” in natural language can express several relationships,
including temporal order, causal relationship, and most importantly, can also
indicate a union of sets instead of their intersection. For example, the sentence
“He invited friends and colleagues to the party” does not mean that all people
at the party were both colleagues and friends. Moreover, while the conjunctive
fallacy is possibly the best-documented result of the representativeness heuristic,
there is a number of other cognitive biases and heuristics that can be important
for interpretation of rule learning results. A survey of cognitive biases can be
found in (Pohl, 2017), and a discussion of their relevance for machine learning
in (Kliegr et al., 2018).

6

First Experimental Results

In previous work (Fürnkranz et al., 2018), we have evaluated a selection of cognitive biases in the very speciﬁc context of whether minimizing the complexity
or length of a rule will also lead to increased interpretability, which is often taken
for granted in machine learning research. More concretely, we reported on ﬁve
crowd-sourcing experiments conducted in order to gain ﬁrst insights into diﬀerences in the plausibility of rule learning results. Users were confronted with pairs
of learned rules with approximately the same discriminative power (as measured
by conventional heuristics such as support and conﬁdence), and were asked to
indicate which one seemed more plausible. The experiments were performed in
four domains, which were selected so that respondents can be expected to be
able to comprehend the given explanations (rules), but not to reliably judge their
validity without obtaining additional information. In this way, users were guided
to give an intuitive assessment of the plausibility of the provided explanation.
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A ﬁrst experiment explored the hypothesis whether the Occam’s razor principle holds for the plausibility of rules, by investigating whether people consider
shorter rules to be more plausible than longer rules. The results obtained for
four diﬀerent domains showed that this is not the case, in fact we observed
statistically signiﬁcant preference for longer rules on two datasets. In another
experiment, we found support for the hypothesis that the elevated preference
for longer rules is partly due to the misunderstanding of “and” that connects
conditions in the presented rules: some people erroneously ﬁnd rules with more
conditions as more general. A third experiment show that when both conﬁdence and support are explicitly stated, conﬁdence positively aﬀects plausibility and support is largely ignored. This conﬁrms a prediction following from
previous psychological research studying the insensitivity to sample size eﬀect
(Tversky and Kahneman, 1971). Other experiments investigated the relevance
of attributes and literals used in the conditions of a rule. The results indicated
that rule plausibility is aﬀected already if a single condition is considered to
be more relevant.4 In order to investigate the eﬀects of the recognition heuristic (Goldstein and Gigerenzer, 1999), we attempted to use PageRank computed
from the Wikipedia knowledge graph as a proxy for how well a given condition
is recognized. The results were inconclusive, on one of the datasets we observed
plausibility being aﬀected when all conditions in one rule were recognized comparatively more than in the alternative rule.

7

Conclusion

The main goal of this paper was to motivate that interpretability of rules is an
important topic, which is more than a simple syntactic readability of the presented models. In particular, we believe that plausibility is an important aspect
of interpretability, which, to our knowledge, has received too little attention in
the literature. Learners can often ﬁnd a large variety of rules with the same or
similar discriminatory power as measured on hold-out data, but with large diﬀerence in their perceived credibility. Machine learning systems need interpretability
biases in order to cope with such situations.
In our view, a research program that aims at a thorough investigation of
interpretability in machine learning needs to resort to results in the psychological
literature, in particular to cognitive biases and fallacies. We summarized some
of these hypotheses, such as the conjunctive fallacy, and started to investigate to
what extent these can serve as explanations for human preferences over diﬀerent
learned hypotheses. Moreover, it needs to be considered how cognitive biases can
be incorporated into machine learning algorithms. Unlike loss functions, which
can be evaluated on data, it seems necessary that interpretability is evaluated in
user studies. Thus, we need to establish appropriate evaluation procedures for
4

Since our experiments were based on subjective comparisons of pairs of rules, a more
precise formulation would be, “comparatively more relevant than the most relevant
condition in an alternative rule”.
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interpretability, and develop appropriate heuristic surrogate functions that can
be quickly evaluated and optimized in learning algorithms.
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trees comprehensible? Expert Syst. Appl. 62, 333–346 (2016)
Pohl, R.: Cognitive Illusions: A Handbook on Fallacies and Biases in Thinking, Judgement and Memory, 2nd edn. Psychology Press, London (2017)
Post, H.: Simplicity in scientiﬁc theories. Br. J. Philos. Sci. 11(41), 32–41 (1960)
Quinlan, J.R.: Learning logical deﬁnitions from relations. Mach. Learn. 5, 239–266
(1990)
Rissanen, J.: Modeling by shortest data description. Automatica 14, 465–471 (1978)
Schaﬀer, C.: Overﬁtting avoidance as bias. Mach. Learn. 10, 153–178 (1993)
Stecher, J., Janssen, F., Fürnkranz, J.: Separating rule reﬁnement and rule selection
heuristics in inductive rule learning. In: Calders, T., Esposito, F., Hüllermeier, E.,
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