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1 Introduction

The thesis is mainly about extending statistical approaches to classification to make use of existing

domain knowledge.

Classification algorithms are supervised methods that look for and discover the hidden associa-

tions between the target class and the independent variables [Maimon and Rokach, 2010]. Supervised

learning algorithms allow tags to be assigned to the observations, so that unobserved data can be cat-

egorized based on the training data [Han et al., 2011]. In classification a model is a set of rules built

from a group of already classified training data objects in order to forecast the classes of previously

unseen data objects. [Thabtah and Cowling, 2007].

In spite of the great efforts that were made in the last decade in data mining algorithms the problem

of using existing domain knowledge to enrich and better focus the results on user expectations remains

open to further developments [Cao, 2010; Domingos, 2003; Yang and Wu, 2006].

One of the problems encountered in the automatic induction of classification rules from examples

is the overfitting of the rules to the training data, in some cases resulting in excessively large models

with low predictive power for unseen data [Bramer, 2002]. Overfitting is the use of models that violate

parsimony, i.e., that include more terms than are necessary or use more complicated approaches than

are necessary. This is undesirable: adding irrelevant predictors can make predictions worse because

the coefficients fitted to them add random variation to the subsequent predictions; the choice of model

impacts its portability [Hawkins, 2004]. Most current algorithms produce models that have a very low

portability or are not portable at all: if a feature of some instance is changed by a synonym or is in a

different language, chances are that a new model has to be learned.

It is our belief that the introduction of ontologies, as a means to formally represent existing back-

ground knowledge, in the learning process (of classification algorithms) will allow the production

of more concise models by working at different levels of abstraction and exploring the relationship

between concepts in the data set.

2 Literature Review

Historically there have been two major approaches to research in artificial intelligence: one based on

logic representations, and one focused on statistical ones. The first group includes approaches like

logic programming, description logics, rule induction, etc. The second, more used in machine learning,

includes Bayesian networks, hidden Markov models, neural networks, etc. Logical approaches tend to

focus on handling the complexity of the real world, and statistical ones the uncertainty [Domingos

et al., 2006] that is present in field applications.



This duality is clearly represented in classification where a lot of efforts where taken in the last

decades in the research and development of algorithms that explored certain principles of statistics to

build predictive models. Examples of algorithms following this approach include SVMs [Boser et al.,

1992], back-propagation [Rumelhart et al., 2002], Naive Bayes, KNN [Altman, 1992], C4.5 [Quinlan,

1993], among others. These algorithms are usually very efficient in learning a model and the model

produced yield good levels of accuracy for unseen data if the training set was properly balanced and

sized. These kind of algorithms were the focus of most research in the last decades and saw wide

adoption and acceptance by the industry.

On the other hand ILP is the most known representant of the logic approach to classification. In this

kind of approach, in addition to the training set, an encoding of the known background knowledge is

also provided. An ILP system will then derive a logic program as a hypothesis which entails all the

positive and none of negative examples.

Although ILP systems benefit from relevant background knowledge to construct simple and accu-

rate theories more quickly [Srinivasan et al., 1999], background knowledge that contains large amounts

of information that is irrelevant to the problem being considered can, and have been shown to, hinder

the search for a correct explanation of the data [Quinlan and Cameron-Jones, 1993]. Further, tradi-

tional ILP is unable to cope with the uncertainty of real-world applications such as missing or noisy

information, a known drawback when compared to the statistical approach.

A Markov logic network (MLN) [Richardson and Domingos, 2006] is an approach that combines

first-order logic and probabilistic models in a single representation. It consists in a first-order knowl-

edge base with a weight attached to each formula or clause. Like, probabilistic ILP, it tries to bring

together the ability of probabilistic models to efficiently handle uncertainty and the expressive power

of first-order logic.

EG2 [Núñez, 1991] was one of the first approaches that extended ID3 to perform two types of

generalizations beside the typical ‘dropping condition’ performed by any top down induction of de-

cision tree (TDIDT) algorithm. The first makes use of the IS-A hierarchy to climb the generalization

tree [Michalski, 1983] and second tries to apply the union of symbolic values if this union fulfills cer-

tain criteria of completness and consistency. No standard way of representing domain knowledge was

presented. It is also limited to a IS-A hierarchy and does not make use of other logic primitives that

would allow the definition of more complex relations. More recently, [Zhang et al., 2002] described

an ontology-driven decision tree learning algorithm to learn classification rules at multiple levels of

abstraction. Although called ontology-driven, what the proposed solution really uses is a taxonomy,

i.e., a set of IS-A relations associated with each attribute. It consists in a top-down concept hierarchy

guided search in a hypothesis space of decision trees.

There has been surprisingly little work on probabilistic learning with datasets described using

formal ontologies [Muggleton et al., 2012]. Ontologies are crucial to deal with semantic interoperability

and with heterogeneous data sets.

3 Knowledge Representation in Machine Learning

A key trade-off in the development of a knowledge representation language is that between expressive

power and the computational complexity involved in reasoning about said knowledge. First order logic

sits in the extreme regarding expressive power and has become a de facto standard in mathematics and

some areas of philosophy to formally define general propositions.



The few statistical approaches that attempted incorporating domain knowledge in the learning and

classification process have so far used ad hoc methods to define it. It is clear that not much thought is

given to these representations as often they are not even formally presented and are used only to define

very specific hierarchical relations between concepts, lacking any meaningful expressive power. Not

surprisingly they are normally used in a specific approach and later forgotten. Subsequent attempts at

similar problems develop their own incompatible formalisms, rewrite all the domain knowledge in an

equally constrained manner and fall themselves into oblivion not long after.

There is a significant body of work in the area of knowledge representation and reasoning, specifi-

cally in ontology engineering. A number of ontology languages with well studied properties have been

proposed like CycL [Lenat, 1995], KL-ONE [Brachman and Schmolze, 1985], OWL [Motik et al., 2009]

among many others and are often accompanied by reasoning or inference engines [Hayes-Roth et al.,

1983].

Among Description Logic models, the Web Ontology Language (OWL 2) has seen wide adoption,

propelled perhaps by the rise of the semantic web, and benefits from an enthusiastic community. A

great deal of research in automatic reasoning and inference has been focusing in OWL 2 [Shearer et al.,

2008; Sirin et al., 2007; Tsarkov and Horrocks, 2006]. Particularly, ELK [Kazakov et al., 2014], that runs

in polynomial time, is of interest.

Not all knowledge is created equal. Rather it is a continuum of representations with varying levels of

value and actionability. These levels or states form a progression from the lowest level, where usability

is marginal or potential to higher levels where usability is clearer and more immediate [Holsapple,

2004]. Through various kinds of knowledge processing one may progress from lower to higher states,

increasing the relevance of knowledge with respect to accomplishing some concrete task. The highest

state, a decision, is knowledge indicating a commitment to take some action and results from the

processing of knowledge at other levels.

These ideas translate well to a classification problem. Observations are data, a low state with poten-

tial but no immediate actionability. Classification algorithms, at a very high level, essentially apply a set

of processing steps to these labeled observations and, hopefully, produce a model capable of making

decisions about the class of previously unseen instances. This model is then at the highest knowledge

state, its actionability is clear and immediate.

We use logical inference to derive more facts from existing domain knowledge. Because we cannot

be sure if all the facts in the domain knowledge are relevant to the problem at hand, we use statistical

inference to pick which propositions will be used. We also use statistical inference when deriving rules

from the training set because of the relative uncertainty in these observations.

4 Hierarchy-based Decision Tree Learner and Classifier

In everyday life we constantly use, without thinking, inductive and deductive reasoning to learn about

the world and to make decisions based on what we know or what we think we know.

A child, after seeing a reasonably large number of dogs from different races bark concludes by

inductive reasoning that, in general dogs bark. If later presented with a dog, from a previously unseen

race, chances are that the child will predict, by deductive reasoning, that this animal barks, because it

is a dog, and in general, dogs bark.

Usually when learning something we try to generalize, i.e., find the largest set of elements to which

what we have learned applies. It allows us to construct simpler, more compact mental models that



can later be applied to a greater range of situations. When making decisions, we frequently start from

general, sometimes abstract, rules and work our way down to the specific situation at hand.

To incorporate these ideas in decision trees, both the learner and the classifier have to be modified.

The learner has to build a model that balances between choosing more abstract attribute values and

maximizing information gain. The classifier has to be able to use this more abstract model and still

classify instances composed by concrete features.

Definition 1 (Hierarchy Based Decision Tree Learner). An hierarchy based decision tree learner is an

algorithm that given a set of labeled instances, also known as a training set, and a set of axioms representing

the available domain knowledge builds a decision tree model where each node is an attribute at a possible level of

abstraction, each branch is a feature of that attribute at that same level of abstraction and each leaf is the class

being predicted.

Odor

Pleasant

Almond Anise Spicy

Bad

Musty Creosote Fishy

Fig. 1: Example of domain knowledge defined as a hierarchy over a set of possible values for the

attribute odor. Pleasant and Bad odors are attribute values of Odor at a higher level of abstraction.

The criterion that determines which attribute is picked at each step of the tree building process ends

up determining much of the tree structure and consequently its complexity, and can boost or hinder

the accuracy of the model.

For our approach to work we need a metric that effectively picks more abstract attributes in the

place of concrete ones when doing so allows a simpler model to be built, while also explaining the

data.

Although Gain Ratio is a bit biased towards attributes with more values it is less so than Information

Gain or Gini Index and, unlike these, will pick the more abstract attributes at least in the more obvious

cases.

Commonly the distinction between learner, model and classifier is somewhat nebulous. Once the

model is built the nodes in the tree correspond directly to the attributes of every new instance that one

might have to classify and it is common to call the model itself, a classifier.

In our approach it is convenient to make the distinction clear because the decision tree model itself

may not hold all the information needed to classify all the instances that we can. This happens because

each node represents an attribute at a certain level of abstraction but we do not require the instances

we wish to classify to have these attributes at the same level of abstraction. They can be formed only

by concrete attribute values or by a mix between concrete and abstract features.

Definition 2 (Hierarchy Based Decision Tree Classifier). Given a hierarchy based decision tree model, some

domain knowledge and an instance to be classified, a hierarchy based decision tree classifier will start at the root

node and if the node is at a higher level of abstraction than the instance’s corresponding attribute value, it will use



the domain knowledge to climb up the abstraction tree until the right level of abstraction is reached. It will then

follow the appropriate branch. This is done recursively until a leaf is reached at which point the class is returned.

The intuition is the following: when the learner tries to build a model it attempts to build the more

generic model that still explains the concrete data observed in the training set. Doing so produces a

more robust classifier, that is able to better predict a wider range of possible new instances. However

as the model is now more generic than the instances, we need a way to apply the abstract knowledge

embedded in the model to the particular instances we want to classify. To do so we find, for each

feature, the level of abstraction that matches the relevant node of the model, using the available domain

knowledge. Note that any particular instance to be classified may have a mix of concrete and abstract

attribute values as long the model is generic enough to support the level of abstraction of all features,

i.e., the level of abstraction of the features must be equal or lower than the corresponding decision tree

nodes.
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(a) The influence of training set size on the accuracy

of ID3, C4.5 and HDT in the Mushrooms data set.
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(b) The influence of training set size on the accuracy

of ID3, C4.5 and HDT in the Nursery data set.
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(a) Accuracy of ID3, C4.5 and HDT in the Mush-

rooms data set with an increasing number of ab-

stract values.
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(b) Accuracy of ID3, C4.5 and HDT in the Nurs-

ery data set with an increasing number of abstract

values.

These results presented here are in line with our expectations. First, even on data were all values

are concrete, domain knowledge can help build models that perform as good or better while being

considerably simpler. This difference in accuracy is more pronounced with smaller training sets.



Second, when the specific concrete values are unknown but a more abstract version is available,

HDT maintains its performance remarkably well while the performance of traditional ID3 and C4.5

decreases as more values are expressed at higher levels of abstraction.

5 Hierarchy-based Naïve Bayes Learner and Classifier

We now introduce HNBL, an algorithm for learning multi-layered probability tables from a feature

hierarchy and a training set. The layers represent the different levels of abstraction for the features of

each attribute.

To be able to deal with features at multiple levels of abstraction the following changes are needed:

– The first table holds p(cj) for all cj ∈ C.

– The other tables, one for each attribute, will have an extra dimension. The size of this dimension will

be the number of levels of abstraction for the feature fki ∈ F(Ai) in accordance to its corresponding

feature hierarchy Hi.

– Each position of these multi-layered tables will hold, in the end, the class conditional probability of

a given feature at a certain level of abstraction l divided by the probability of feature fki ocurring

in the training set, i.e., p( fkil |cj)/p( fki) for the kth feature of attribute Ai at lth level of abstraction.

To calculate the probabilities to fill in each position of the table, the following steps are needed:

1. Starting from the concrete features fill each position of the first layer with #( fki|cj), i.e., the

count of instances, in the subset of the training set that are of the class cj, where the value of

attribute Ai is fki.

2. Work our way up by aggregating the counts, e.g., for a feature at the first level of abstraction,

sum the counts of all features that are its children. They will all be concrete and as such will

have been counted directly; for a feature at the second level of abstraction, its children will all

be the first level of abstraction and will have been counted previously.

3. Once we have all counts, we loop through each position of the table and calculate p( fki|cj)/p( fki)

based on the counts of that position. Note that aggregating the probabilities directly, instead of

the counts will not work because of the denominator.

Contrary to what happens with HDTL, described in section 4, where the model already embodies a

decision about the best level of abstraction for each attribute, here no such decision is made while

building the model, as this choice is delegated to the classifier. While this produces a bigger, more

complex model it allows the instances to be classified to have features at any level of abstraction. We

propose a variation of the Naïve Bayes classifier that makes use of the data structures described to

choose the highest level of abstraction, for the features fij of the attributes Ai of the given data set,

where p( fij|ck) is maximized for each ck ∈ C.

Proposition 1. Given the conditional independence assumption, maximizing for a class cj, P(cj)∏n
i=0

P( fi |cj)

P( fi)

can be done by selecting the maximum values for each
P( fi |cj)

P( fi)
individually.

Consider that we have an instance Ip = ( f1 p, . . . , fnp) to classify. For each possible class cj and for each

feature fip:

1. Find in what level of abstraction the feature fip was given via the feature hierarchy Hi obtained

from the ontology.



2. If it is a previously seen feature go to the appropriate position in the table. Find the layer with the

maximum value.

3. If the feature was not seen before, i.e., it did not appear in the training set, use the taxonomy from

the ontology to find the ancestor with maximum class conditional probability among the different

layers for the corresponding feature and class cj.
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(a) The influence of training set size on the accuracy

of NB and HNB in the Mushrooms data set.
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(b) The influence of training set size on the accuracy

of NB and HNB in the Nursery data set.
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(a) Accuracy of Naïve Bayes and Hierarchy based

Naïve Bayes in the Mushrooms data set with an in-

creasing number of abstract features.
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Naïve Bayes in the Nursery data set with an in-

creasing number of abstract features.

The results obtained are consistent with our two hypotheses. First, even on data where all features

are concrete, domain knowledge can help build models that perform better when trained with very

small training sets and slightly better on normally sized training sets.

Second, when the specific concrete features are unknown but a more abstract version is available,

the Hierarchy based Naïve Bayes maintains its performance while the performance of traditional Naïve

Bayes decreases as more features are expressed at higher levels of abstraction. These results point

to HNB being a more robust approach to classification when domain knowledge is available, when

compared to standard NB.



6 Ontology-based Decision Tree Learner and Classifier

The approaches we have presented until now and, as far as the authors know, other existing approaches

to introducing some form of domain knowledge in the statistical approach to classification deal only

with taxonomies which are a fraction of the expressive power of true ontologies.

In this section we present a decision tree learner and classifier that is able to make use of knowledge

expressed in ontologies that go well beyond simple feature hierarchies. To be able to deal with this extra

complexity we introduce an additional component in our approach with the mission of inferring logical

consequences from a set of asserted domain facts expressed as axioms in the ontology. This component

is commonly known as semantic reasoner or simply as reasoner. The logical consequences inferred by the

reasoner will be considered by the learner while building the model.

Once we have a set of axioms that define class membership we need to quickly compute which

individuals belong to which classes. Although it might sound simple, it is a rather complex topic and

an area of research in itself [Stoilos et al., 2010; Dentler et al., 2011; Shearer et al., 2008; Kazakov and

Klinov, 2013, 2014], another hard problem hiding behind a simple formulation.

It turns out that EL is robustly tractable for the main reasoning problems, i.e., ontology classification

and consistency checking, computing if a given complex concept is satisfiable and checking whether

one complex concept is subsumed by another. Not only are these reasoning problems polynomially

solvable for EL, but this holds even when the language is augmented with nominals (and thus ABox

assertions).

We use ELK [Kazakov et al., 2014] – an open source, Java-based reasoner for OWL EL ontologies – to

determine which individuals in the ontology belong to which classes. This is called ABox Realization.

We propose a pattern for structuring domain knowledge that bridges the data set and the ontology,

so the algorithm can leverage the available domain knowledge and the labeled instances in the data set

to produce a more precise and compact model.

Attribute values in the data set that we want to use while defining axioms are added as Individuals

to the ontology.

Existing attributes (in the data set) that we wish to mention in our axioms are added as object

properties. We add a meta-class “Attribute” that can have two kinds of direct subclasses: new attributes

that have no corresponding object property and represent a new dimension in which instances in the

data set can be considered. These kind of new attributes result from the application of a set of axioms

to the existing attribute values or to an abstraction of them.

On the other hand, direct subclasses of the meta-class “Attribute” that have a corresponding object

property represent attributes that already exist in the data set but will have multiple levels of abstrac-

tion. Each direct subclass of one of this attributes represent a new level of abstraction to be considered.

Now that we have a bridge between instances in the data set and domain knowledge in the ontology

we will enrich each instance in the data set with what we can infer from the ontology.

An individual is created in the ontology for each instance in the data set and object property asser-

tions corresponding to the instance attribute values are made. Instances in the data set are projected

into the ontology as individuals. Only the attribute values that can influence inference are added. An

extended version of each instance is then produced containing, in addition to the attribute values in

the training set, a group of logically inferred attribute values. A tree is built considering both existing

and inferred attribute values.



The model produced can be used to classify instances where most of the attributes are missing or

only available at higher levels of abstraction, as long as there is enough information to infer the value

of the new attributes and, together with the existing ones they are enough to reach a leaf of the decision

tree.

The classifier works as follows: given an instance I with some possibly missing values, an ontology

O and a model T we infer additional attribute values for I by applying the axioms in O to the existing

attribute values of I. Let IE be this extended version of I. IE is used to find the path to the tree leaf

representing the predicted instance class.
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(a) The influence of training set size on the accuracy

of ID3, C4.5 and OADT in the Car Evaluation data

set.
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(b) Accuracy of ID3, C4.5 and OADT in the Car

Evaluation data set with an increasing number of

abstract values.
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(a) The influence of training set size on the accuracy

of ID3, C4.5 and OADT in the Soybean data set.
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(b) Accuracy of ID3, C4.5 and OADT in the Soy-

bean data set with an increasing number of abstract

values.

7 Conclusions

The first few decades of AI were marked by a great divide between the logical and the statistical ap-

proaches to common problems like knowledge representation, automated reasoning, planning and, of

course, machine learning. Logical approaches performed better when dealing with complex problems

but lagged behind in domains with noise and uncertainty. On the other hand, the statistical approach



excelled in these domains but suffered when there were complex relations between elements in the

data.

As the real world is complex and uncertain this work tries to push for a middle ground and use

logic to handle the complexity of existing domain knowledge and statistics to handle the uncertainty

and noise in the observations.

The main contribution of this work is the introduction of domain knowledge and logical infer-

ence on traditional statistical classification algorithms without losing the ability to handle noise and

uncertainty.
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Kazakov, Y., Krötzsch, M., and Simančík, F. (2014). The incredible elk. Journal of Automated Reasoning,

53(1):1–61.

Lenat, D. B. (1995). Cyc: A large-scale investment in knowledge infrastructure. Communications of the

ACM, 38(11):33–38.

Maimon, O. and Rokach, L., editors (2010). Data Mining and Knowledge Discovery Handbook, 2nd ed.

Springer.



Michalski, R. S. (1983). A theory and methodology of inductive learning. Artificial intelligence, 20(2):111–

161.

Motik, B., Patel-Schneider, P. F., Parsia, B., Bock, C., Fokoue, A., Haase, P., Hoekstra, R., Horrocks, I.,

Ruttenberg, A., Sattler, U., et al. (2009). Owl 2 web ontology language: Structural specification and

functional-style syntax. W3C recommendation, 27:17.

Muggleton, S., De Raedt, L., Poole, D., Bratko, I., Flach, P., Inoue, K., and Srinivasan, A. (2012). Ilp

turns 20. Machine Learning, 86(1):3–23.

Núñez, M. (1991). The use of background knowledge in decision tree induction. Machine learning,

6(3):231–250.

Quinlan, J. R. (1993). C4.5: programs for machine learning, volume 1. Morgan kaufmann.

Quinlan, J. R. and Cameron-Jones, R. M. (1993). Foil: A midterm report. In Machine Learning: ECML-93,

pages 1–20. Springer.

Richardson, M. and Domingos, P. (2006). Markov logic networks. Machine learning, 62(1-2):107–136.

Rumelhart, D. E., Hinton, G. E., and Williams, R. J. (2002). Learning representations by back-

propagating errors. Cognitive modeling, 1:213.

Shearer, R., Motik, B., and Horrocks, I. (2008). Hermit: A highly-efficient owl reasoner. In OWLED,

volume 432.

Sirin, E., Parsia, B., Grau, B. C., Kalyanpur, A., and Katz, Y. (2007). Pellet: A practical owl-dl reasoner.

Web Semantics: science, services and agents on the World Wide Web, 5(2):51–53.

Srinivasan, A., King, R. D., and Muggleton, S. (1999). The role of background knowledge: using a

problem from chemistry to examine the performance of an ilp program. Transactions on Knowledge

and Data Engineering.

Stoilos, G., Grau, B. C., and Horrocks, I. (2010). How incomplete is your semantic web reasoner? In

AAAI.

Thabtah, F. A. and Cowling, P. I. (2007). A greedy classification algorithm based on association rule.

Appl. Soft Comput., 7(3):1102–1111.

Tsarkov, D. and Horrocks, I. (2006). Fact++ description logic reasoner: System description. In Automated

reasoning, pages 292–297. Springer.

Yang, Q. and Wu, X. (2006). 10 challenging problems in data mining research. International Journal of

Information Technology & Decision Making, 5(04):597–604.

Zhang, J., Silvescu, A., and Honavar, V. (2002). Ontology-driven induction of decision trees at multiple

levels of abstraction. In Abstraction, reformulation, and approximation, pages 316–323. Springer.


	Extended Abstract of the Dissertation in Classification in the Presence of Background Domain Knowledge

