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1 Introduction
Inductive logic programming (ILP) as part of machine learning is an important
subfield in Artificial Intelligence. It comprises different approaches which are designed
for induction of relational concepts from a set of training examples (Muggleton & De
Raedt, 1994). These relational concepts are represented in a programming language
called PROLOG.
This paper is concerned with human comprehensibility of relational concepts in
different representations. Therefor, I developed a survey which was conducted with 27
computer science students, all of them with basic skills in PROLOG but not in ILP.
In the following chapters, I would like to give a short introduction to ILP, relational
learning and the current state of similar research. Due to the fact that comprehensibility
is closely linked with human cognition, this needs to be considered as well. Based on
these points I will introduce the survey’s design, conduction and results as the main part
of this paper.

2 Cognitive Processes while Learning
Relational concepts “are characterized by a structural representation defined over
entities” (Schmid et al., 2016). Previous research investigated the differences of human
comprehensibility between relational and feature-based categories.
In this case, it is helpful to point out the difference to feature-based concepts with an
example relation: We assume that there is a grandfather John who has white hair and
blue eyes. Then he is just described through these two properties. But the fact that John
is a grandfather only can be described through relations to other persons. For example,
John is the grandfather of David. Moreover, a relational concept can be quite complex:
John is the grandfather of David if John is the father of Steve and Steve is the father of
David.
Referred to human cognition, it was ascertained that such complex relations require a
much higher cognitive effort while feature-based concepts are more easily to learn
(Gentner & Kurtz, 2005). Furthermore, several other studies investigated the cognitive
processes about how humans learn and transfer knowledge.
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For example, there is research on language acquisition which shows that concrete
nouns are easily to learn than verbs or prepositions (Gentner, 1982). Further work has
distinguished between perceptual and functional features (Bruner, Greenfield, & Olver,
1966; Miller & Johnson-Laird, 1976) and between concrete and abstract features
(Paivio, 1971).
To learn a relational concept, comparison plays an important part in human cognition
and learning relational categories. Comparison highlights common relational structure
supporting the learning person to recognize a more general representational structure –
similar to the mechanisms used in the structure-mapping theory of similarity and
analogy (Gentner, 1983).
ILP systems just like Metagol or Aleph learn relational concepts from given
examples. These acquired concepts are represented in structured symbolic expressions
which are usually obscure and hardly comprehensible for humans. Due to the growing
importance of machine learning it could help to design these systems’ output more
readable and understandable for humans. For example, in the domain of healthcare,
where already existing systems can recognize in the face of a patient if he or she suffers
pain or not. Even if these systems give a high predictive accuracy, also humans should
be able to discover possible defects.
To determine how humans understand machine learned relational concepts the best,
we decided to distinguish between three different representations which will be
introduced in chapter 4.
Before, there shall be a short introduction to ILP and PROLOG.

3 Inductive Logic Programming
As already mentioned above, approaches to inductive logic programming learn
relational concepts from training examples (Muggleton & De Raedt, 1994). The
acquired relational concept, thus the ILP system’s output, is represented in a
programming language called Prolog which will be introduced in the following chapter.

3.1 Prolog
Prolog is a Logic Programming language, first implemented at the University of
Marseilles in the early 1970s. It is a general-purpose programming language, but has its
strength in symbolic computation (Bramer, 2013).
—2—

Prolog programs describe relations, defined by means of clauses. Clauses can either
be facts or rules. A clause is of the form
Head :- Body.
which says head is true if body is true. A fact is a clause without a body. An example
for a fact is
father(john,steve).
This fact states that Steve is the father of David. When you add a body to the fact, then
you get a rule which is of the form
grandfather(john,david) :- father(john,steve), father(steve,david).
Now we know that John only can be the grandfather of David if he is also the father of
Steve and Steve is the father of David. In Prolog programs, facts are stored as
background knowledge. To train an ILP system to learn a rule in between the given
facts it needs to receive background knowledge. Then, a set of negative and positive
instances of the rule which has to be learned is presented as training examples.
Taking up the grandparent relation, this means that the learning system has to receive
both background knowledge and training examples to learn the correct rule.
As a human, you can use Prolog programs by asking queries. Based on the given
background knowledge and training examples, the program then will answer with either
true or false.

3.2 Metagol
The learning ILP system which was used in the present study is called Metagol. It
was developed by Andrew Cropper and is based on a meta-interpretive learning
framework, which means that it uses higher-order meta-rules to support predicate
invention and learning of recursive definitions (Cropper & Muggleton, 2015).
Cropper, Tamaddoni-Nezhad and Muggleton (2015) describe the functionality of
Metagol as follows:
"Metagol first tries to prove a goal deductively delegating the proof of Prolog […].
Failing this, Metagol tries to unify the goal with the head of a metarule […] and to bind
the existentially quantified variables in a metarule to symbols in the signature. Metagol
saves the resulting meta-substitutions (Subs) in an abduction store and tries to prove the
body goals of the metarule. After proving all goals, a Prolog program Is formed by
projecting the meta-substitutions onto their corresponding metarules."
(Cropper et. al. 2015, p.49)
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Generally speaking, Metagol proves goals by taking higher-order metarules. The heads
of these metarules have to unify with the goal. The resulting meta-substitutions are
saved and can be used as background knowledge by substituting them into
corresponding metarules (Cropper & Muggleton, 2016).
The process of meta-substitution seems quite complex and obscure to humans which
might impede the comprehensibility. This is why we would like to find out if a different
representation

of

such

learned

relational

rules

has

an

effect

on

human

comprehensibility. The next section builds the main part of the current paper, because it
represents the conducted study. But before that, the Michalski Trains problem shall be
introduced because it forms the basis for the survey.

4 The Michalski Trains Problem
Ryszard Michalski introduced the so-called Michalski trains in 1980. They consist of
ten different trains, five of them are running eastbound, five are running westbound.

Figure 1. Michalski Trains

As you can see in Figure 1, each train looks different. Michalski’s train problem can
be seen as a classification task: the aim is to find a rule that can distinguish between the
eastbound and the westbound trains on the basis of certain properties. Properties can be
the length of the trains, the shapes of their carriages, what they are loaded with etc. An
example is “If a train has a carriage loaded with a circle, then it runs eastbound.”
Michie et al. (1994) made a challenge out of this problem: He wanted to find lowsize complexity prolog programs for classifying trains (Turney, 1995). This means that
the learning program has to find common characteristics for all eastbound trains which
none of the westbound trains has. In practice, the algorithm gets the dataset of different
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kinds of trains as background knowledge, written in Prolog. Then, it outputs rules which
classify the trains either eastbound or westbound. How this looks like will be presented
in the next section.

5 Implementation of the Study
5.1 Dataset
The used material was a dataset given by two students who covered the Michalski
Trains problem in their bachelor thesis. It included ten Michalski trains as learning
material for Metagol, the Metagol algorithm and the created output in the form of
learned relational rules in different ‘sizes’, i.e. with different amount of clauses.
The first step was to find a rule which fits well to the purpose of the study. We decided
for the following relational rule:
eastbound_4(A):-load(A,triangle).
eastbound_3(A):-infront(A,B),eastbound_4(B).
eastbound_2(A,B):-eastbound_3(A),shape(A,B).
eastbound_1(A):-eastbound_2(A,rectangle).
eastbound(A):-has_car(A,B),eastbound_1(B).

Then, as a second step, the other two rule representations had to be developed.

5.2 Study Design
The purpose of the study was to find out how the representation of a relational rule,
learned by Metagol, affect human comprehensibility.

Figure 2. The three different representations of the relational rule

Figure 2 shows the three representations all together:. the abstract representation A
which is the ‘origin’ rule, given as output by Metagol.
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The second representation is called types T. In this representation, the unknown
variables, given in the origin rule, were replaced with meaningful notations. The third
representation illustration I depicts the rule as a shadowy figure.
The relational rule for eastbound trains which was learned by Metagol (Abstract) is any
carriage-form rectangular AND immediately followed by carriage-load triangle.
For assessing whether and in which way humans are
able to understand the rule, they were presented with
ten different trains as examples, five written in
Prolog (G1) and five as a picture (G2).

Figure 4. Positive Picture Example (G2)
Figure 3. Positive Prolog

For both groups, there were respectively three Example (G1)
positive and two negative examples given, i.e. three

examples to be answered with true and two to be answered with false. The example
trains had the following predicates: number of cars (3 – 5), infront, length (short or
long), shape (ellipse, rectangle or pentagon) and load (triangle, circle, square).
For measuring the comprehensibility, there was a need to define properties:
Comprehensibility C with the experimental variable Score and inspection time T with
the experimental variable Time. The maximum score for each representation was 10 if
all questions were answered correctly, for each group it was 5. Time was measured
automatically for each question.
Each representation group started with the five Prolog questions and then followed
by the picture questions. The order of the questions in each group was chosen randomly
to avoid learning effects.
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5.3 Experimental Hypotheses
Two hypotheses build the base of the study, related to the two example groups. To
get a more significant result, the required time (in seconds) for answering each question
shall be considered as well.

Hypothesis H1.
For the Prolog example group (G1), we assumed
•

for Score: Types > Abstract > Illustration

•

for Time: Types < Abstract < Illustration.

This is based on the comparison theory: Because the variables in the types rule have
meaningful namings (train, car) just like in the Prolog example, it should be easier for
the participants to understand the relational concept and to match the Prolog examples
to it in a short time. Furthermore, we assumed that it will be directly followed by the
abstract rule group because it only differs from the types rule group in their variables.
Because all the participants had basic knowledge of Prolog they should be able to
understand the abstract rule as well. Less good results with highest required inspection
times will be reached by the illustration representation group because its rule
representation seems too far away from the Prolog examples.

Hypothesis H2.
For the picture example group (G2), we assumed
•

for Score: Illustration > Types > Abstract

•

for Time: Illustration < Types < Abstract.

We assumed that the participants in the illustration representation group I will reach the
highest scores with the lowest inspection times, followed by the types representation
group. The worst results are reached by the abstract representation group. This
assumption is motivated by the fact that comparison plays an important role in human
cognition, as already mentioned in chapter 2. Due to the fact that the participants can
recognize the train’s shadowy illustration by comparing it with the picture examples, we
assumed that it should not be that hard for them to understand the relational concept.
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5.4 Results
The survey was conducted via the online tool SosciSurvey in September 2017 with
27 participants (12 female, 15 male, mean age 26,22 years, sd 2,12)., i.e. 9 persons for
each representation group. Part of the survey was also a short introduction to Prolog and
ILP. Most of the participants were computer science students at University of Bamberg,
only 6 of them were students from other universities. The conduction took part for 9
days, the participants were either fellow students of mine or colleagues at work.
The data was evaluated via the statistical program SPSS. The evaluation was made
for both groups, respectively the effect on score and on time.

Effects of Score on G1 (Hypothesis 1). Highest reachable Score for the Prolog
examples was 5 when a participant answered all questions correctly.

Figure 5. Means and standard deviations of Score in dependence of Prolog examples (G1)

Figure 5 shows the evaluation’s results on the independent variable score in dependence
of Prolog as examples. One can determine that in general, a mean value of 3,48 (sd =
1,65) is reached for all representation groups. If one considers the mean values of the
single representations in detail, it can be seen that the illustration representation group
reaches the highest value (4,11, sd = 1,27), followed by types (3,56, sd = 2,13). The
lowest score is reached by the abstract representation group (2,78, sd = 1,30).
Effects of Time on G1 (Hypothesis 1). Referred to the required time for answering the
questions in dependence of Prolog examples, there is a distinct difference noticeable, as
you can see in Figure 6.

Figure 6. Means and standard deviations of Time in dependence of Prolog examples (G1)
—8—

On average, the students needed 549,30 s for answering the questions in each
representation group.

The least required

time was needed for the illustration

representation (346,89 s, sd = 286,72), then followed by the abstract representation
group (610,11 s, sd = 286,97). Most time was required by the types representation group
with an average of 690,89 s (sd = 361,31).

Effects of Score on G2 (Hypothesis 2). For the picture example group, there was a
highest reachable Score of 5 as well when the participant answered all questions
correctly.

Figure 7. Means and standard deviations of Score in dependence of Picture examples (G2)

As it can be seen in figure 7, the mean value of all scores in dependence of pictures as
example is 3,67 (sd = 1,57). Taking a closer look on the single representation groups,
the result is that again, the illustration representation group gains the highest score with
a mean value of 4,44 (sd = 1,01), followed by types (3,56, sd = 1,74) and abstract (3,00,
sd = 1,66).
Effects of Time on G2 (Hypothesis 2). Figure 8 shows the table of results for the
average times required to answer the questions in each representation group in
dependence of picture examples. In general, the participants needed 111,59 s (sd =
49,69) for answering all 5 questions. Again, least time required was by the illustration
representation group with an average time of 76,78 s (sd = 38,21), followed by the
abstract representation group (108,56 s, sd = 36,20) and types representation group
(149,44 s, sd = 47,62).

Figure 8. Means and standard deviations of Time in dependence of Picture examples (G2)
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5.5 Interpretation and Discussion
The results represented in the section above confirm the two hypotheses only
partially. Contrary to the expectations, the results for G1 differ from the assumption that
the types representation group reaches the highest scores, followed by abstract and then
illustration. Both G1 and G2 reach the highest scores in the illustration representation
group, then followed by types and abstract representation. Hence, only Hypothesis H2
is confirmed. An explanation for this could be that only the illustration representation
was understood more correctly by the participants, taking into account that the
differences in G1 are more distinct which actually was not assumed.
For time, it can be concluded that, again, both groups reach the same result, but
differ from the expectations. For Hypothesis H1, we thought that the times
representation group will need least time for answering the five questions, then followed
by abstract and then illustration representation; for Hypothesis H2 we assumed that the
illustration representation group will be the fastest to answer, then followed by types
and then abstract representation.
In both cases, the illustration representation group required least time, then followed
by abstract representation and types representation. Though, the big differences between
G1 and G2 have to be highlighted: While answering the questions with Prolog examples
the participants needed an average time of 549,30 s, in the picture representation group
they only needed 111,59 s. This definitely shows that considering the figurative
representation of trains is quicker tangible than the written Prolog representation.
However, reading time of the Prolog examples has to be considered as well which
naturally takes longer than just trying to understand a picture. Therefore, it is legitimate
to maintain that the measured effect of time on both groups is not significant enough to
draw conclusions on the participants’ comprehensibility. Furthermore, the experience of
the participants should be also considered. Even though all of the students had basic
knowledge in Prolog, the level of expertise differed, based on the different major
subjects. Due to the fact that all of them were not experienced with ILP, understanding
especially the abstract and types representation of the relational rule could have led to
distorted results, even if they got a short introduction to both Prolog and ILP.
Another problem was that probably, learning effects occurred, even though the order
of the questions was arranged randomly.
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Because each participant was asked five questions on G1 and G2, after the first two
questions in each group they ‘learned’ what they have to bear in mind, at least when
they understood the given relational concept.

6 Conclusion and Further Work
There are already some papers which investigate the comprehensibility of logic
programs.

These

papers

predominantly

focused

on

the

conventional,

abstract

representation of machine learned rules. The idea to examine the effect of other
representations on human comprehensibility is new though.
The results relating to the achieved scores have shown that, contrary to the
expectations, in both groups the illustration representation group reached the best
results, whence it can be derived that this representation of the relational rule was
understood best. Also, in both groups the types representation with meaningful
denotations of the variables reached second best results. The abstract representation as
the original output learned by Metagol obviously causes the biggest difficulties in
human comprehensibility. This is also supported by the required times for answering
the questions in between the different representations: In both groups, the participants in
the illustration representation group required significantly less time for answering the
questions than in the other two representations.
In this study, only the effect on comprehensibility of ONE relational concept was
examined, i.e. in each representation group the participants had to understand one
representation of the rule which probably led to learning effects.
To avoid this in further work, it would make sense to examine different representations
within the representation groups to get more significant results.
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8 Appendix
•

Prolog train examples & picture train examples used in the questionnaire

1.

Train t1:
has_car(t1,car1).
has_car(t1,car2).
has_car(t1,car3).
infront(car1,car2).
infront(car2,car3).
size(car1,short).
size(car2,short).
size(car3,long).
shape(car1,rectangle).
shape(car2,pentagon).
shape(car3,ellipse).
load(car1,triangle).
load(car2,triangle).
load(car3,square).
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2.

Train t2:
has_car(t2,car1).
has_car(t2,car2).
has_car(t2,car3).
has_car(t2,car4).
infront(car1,car2).
infront(car2,car3).
infront(car3,car4).
size(car1,long).
size(car2,short).
size(car3,long).
size(car4,short).
shape(car1,pentagon).
shape(car2,rectangle).
shape(car3,rectangle).
shape(car4,ellipse).
load(car1,circle).
load(car2,square).
load(car3,circle).
load(car4,triangle).
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3.

Train t3:
has_car(t3,car1).
has_car(t3,car2).
has_car(t3,car3).
has_car(t3,car4).
infront(car1,car2).
infront(car2,car3).
infront(car3,car4).
size(car1,long).
size(car2,short).
size(car3,long).
size(car4,long).
shape(car1,ellipse).
shape(car2,rectangle).
shape(car3,rectangle).
shape(car4,pentagon).
load(car1,circle).
load(car2,triangle).
load(car3,circle).
load(car4,circle).
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4.

Train t4:
has_car(t4,car1).
has_car(t4,car2).
has_car(t4,car3).
has_car(t4,car4).
has_car(t4,car5).
infront(car1,car2).
infront(car2,car3).
infront(car3,car4).
infront(car4,car5).
size(car1,long).
size(car2,long).
size(car3,long).
size(car4,short).
size(car5,short).
shape(car1,ellipse).
shape(car2,rectangle).
shape(car3,rectangle).
shape(car4,pentagon).
shape(car5,rectangle).

load(car1,square).
load(car2,triangle).
load(car3,triangle).
load(car4,circle).
load(car5,square).
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5.

Train t5:
has_car(t5,car1).
has_car(t5,car2).
has_car(t5,car3).
has_car(t5,car4).
has_car(t5,car5).
infront(car1,car2).
infront(car2,car3).
infront(car3,car4).
infront(car4,car5).
size(car1,short).
size(car2,short).
size(car3,long).
size(car4,short).
size(car5,long).
shape(car1,rectangle).
shape(car2,ellipse).
shape(car3,rectangle).
shape(car4,pentagon).
shape(car5,rectangle).
load(car1,square).
load(car2,circle).
load(car3,square).
load(car4,square).
load(car5,triangle).
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ONEWAY SCORE_PROL SCORE_GRA BY QUESTNNR
/STATISTICS DESCRIPTIVES
/PLOT MEANS
/MISSING ANALYSIS.

Univariat
ONEWAY deskriptive Statistiken

N
SCORE_PROL

Std.-Fehler

Untergrenze

A

9

2,78

1,302

,434

1,78

3,78

I

9

4,11

1,269

,423

3,14

5,09

T

9

3,56

2,128

,709

1,92

5,19

27

3,48

1,649

,317

2,83

4,13

A

9

3,00

1,658

,553

1,73

4,27

I

9

4,44

1,014

,338

3,67

5,22

T

9

3,56

1,740

,580

2,22

4,89

27

3,67

1,569

,302

3,05

4,29

Gesamt
SCORE_GRA

Std.Abweichung

Mittelwert

95%Konfidenzinterv...

Gesamt

ONEWAY deskriptive Statistiken
95%Konfidenzinterval...

SCORE_PROL

SCORE_GRA

Obergrenze

Minimum

Maximum

A

3,78

1

5

I

5,09

2

5

T

5,19

0

5

Gesamt

4,13

0

5

A

4,27

1

5

I

5,22

2

5

T

4,89

1

5

Gesamt

4,29

1

5

Seite 1

Einfaktorielle ANOVA
Quadratsumme
SCORE_PROL

SCORE_GRA

Mittel der
Quadrate

df

Zwischen den Gruppen

8,074

2

4,037

Innerhalb der Gruppen

62,667

24

2,611

Gesamt

70,741

26

Zwischen den Gruppen

9,556

2

4,778

Innerhalb der Gruppen

54,444

24

2,269

Gesamt

64,000

26

F
1,546

,234

2,106

,144

Einfaktorielle ANOVA
Signifikanz
SCORE_PROL

Zwischen den Gruppen

,234

Innerhalb der Gruppen
Gesamt
SCORE_GRA

Zwischen den Gruppen

,144

Innerhalb der Gruppen
Gesamt

Mittelwert-Diagramme
4,2

Mittelwert von SCORE_PROL

4,0

3,8

3,6

3,4

3,2

3,0

2,8

A

I

T

Questionnaire that has been used in the interview

Seite 2

4,4

Mittelwert von SCORE_GRA

4,2

4,0

3,8

3,6

3,4

3,2

3,0

A

I

T

Questionnaire that has been used in the interview
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ONEWAY TIME_PROLOG TIME_GRA BY QUESTNNR
/STATISTICS DESCRIPTIVES
/PLOT MEANS
/MISSING ANALYSIS.

Univariat
ONEWAY deskriptive Statistiken

N
TIME_PROLOG

Std.-Fehler

Untergrenze

A

9

610,11

286,974

95,658

389,52

830,70

I

9

346,89

286,720

95,573

126,50

567,28

T

9

690,89

361,306

120,435

413,16

968,61

27

549,30

336,457

64,751

416,20

682,39

A

9

108,56

36,205

12,068

80,73

136,38

I

9

76,78

38,212

12,737

47,41

106,15

T

9

149,44

47,619

15,873

112,84

186,05

27

111,59

49,689

9,563

91,94

131,25

Gesamt
TIME_GRA

Std.Abweichung

Mittelwert

95%Konfidenzinterv...

Gesamt

ONEWAY deskriptive Statistiken
95%Konfidenzinterval...

TIME_PROLOG

TIME_GRA

Obergrenze

Minimum

A

830,70

244

1086

I

567,28

158

1096

T

968,61

367

1345

Gesamt

682,39

158

1345

A

136,38

54

164

I

106,15

15

130

T

186,05

82

231

Gesamt

131,25

15

231

Maximum
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Einfaktorielle ANOVA
Quadratsumme
TIME_PROLOG

TIME_GRA

df

Mittel der
Quadrate

F
2,961

,071

7,111

,004

Zwischen den Gruppen

582440,963

2

291220,481

Innerhalb der Gruppen

2360838,667

24

98368,278

Gesamt

2943279,630

26

Zwischen den Gruppen

23886,519

2

11943,259

Innerhalb der Gruppen

40308,000

24

1679,500

Gesamt

64194,519

26

Einfaktorielle ANOVA
Signifikanz
TIME_PROLOG

Zwischen den Gruppen

,071

Innerhalb der Gruppen
Gesamt
TIME_GRA

Zwischen den Gruppen

,004

Innerhalb der Gruppen
Gesamt

Mittelwert-Diagramme
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