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Abs t rac t .  Substantial machine learning research has addressed the task 
of learning new knowledge given a (possibly incomplete or incorrect) do- 
main theory, but leaves open the question of where such domain theories 
originate. In this paper we address the problem of constructing a domain 
theory from more general, abstract knowledge which may be available. 
The basis of our method is to first assume a structure for the target 
domain theory, and second to view background knowledge as constraints 
on components of that structure. This enables a focusing of search dur- 
ing learning, and also produces a domain theory which is explainable 
with respect to the background knowledge. We evaluate an instance of 
this methodology applied to the domain of economics, where background 
knowledge is represented as a qualitative model. 

1 In t roduc t ion  
It is now well recognised that  to learn all but the simplest domain theories 
from examples, background knowledge is required to constrain search. While 
several recent learning systems use background knowledge to extend the theory 
language (e.g. by introducing new terms [1]), the use of background knowledge 
to constrain search in a domain-specific fashion is still a relatively unexplored 
area. This paper presents and evaluates a simple methodology for doing this. An 
extended version of this paper is available as [2]. 

We define a d o m a i n  t h e o r y  to be a system of knowledge for solving some 
specific target task, and b a c k g r o u n d  k n o w l e d g e  more generally to refer to 
arbi trary available knowledge. We thus view an idealised domain theory as task- 
specific, coherent and non-redundant (avoiding details irrelevant to the task). In 
contrast, background knowledge may be over-general (for the performance task), 
ambiguous and contain inconsistencies. 

1.1 A S imp le  M e t h o d o l o g y  
Our general methodology is to decompose the learning task as follows: 

1. assume a domain-independent s lruclure  for the learned domain theory. 
2. view background knowledge as specifying constraints  on components  of this 

structure. 
By assuming a domain theory structure, the learning problem can be decomposed 
into sub-problems, and by interpreting background knowledge as constraints on 
components we can define restricted search spaces for solving each sub-problem. 
Domain knowledge is thus used to extract a domain-specific subset of each space. 

* This research was primarily conducted while at University of Ottawa, supported by 
NSERC strategic grants. 
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1.2 A n  I n s t a n c e  o f  th is  A p p r o a c h  
For the rest of this paper we work with a particular instance of this approach, de- 
signed to account for a language gap between the terminology of the background 
knowledge and the terminology used to describe examples. For example, in the 
economics application considered later, background knowledge is expressed using 
qualitative terms while the raw data is numeric, and no well-defined mapping 
exists between the two. This language gap problem is common in AI (e.g. [3]). 

Applying the methodology, we assume a 'two-layer' structure for the target 
domain theory, in which the top layer uses the abstract terminology of the back- 
ground knowledge and the bot tom layer relates this terminology to the basic 
facts known about examples. Thus we assume a complete domain theory is a set 
of clauses of the form P1 A ... A Pi --* Q, consisting of the union of two clause 
sets as follows: 

P r e d i c t i o n  rules:  A set of clauses of the form 
T 1 A . . . A  Ti -+ Ci (1) 

where the Ti E T are abstract terms used to express background knowledge 
and Cj is a class prediction. 

T e r m  Def in i t ions :  A set of clauses of the form 
F1A ... A Fi A G1A ... A G i -* T~ (2) 

where Fi E F are literals whose t ruth value on examples is known and Gi E G 
are other literals with known definitions (e.g. arithmetic tests). 

The T~ can be described as ill-defined 'theoretical'  terms, and the Fi as 'oh- 
servational' terms [4], the two-layer structure distinguishing between these two 
vocabularies of background knowledge and observation. We call a clause of type 
(1) a rule ,  and a clause of type (2) a de f in i t ion .  A domain theory thus consists 
of a set of rules and set of definitions, which we will refer to as R S e t  and D S e t  
respectively. This 'two layer' structure is depicted in Figure 1. 

Predict ion Rule st)ace 

R S e t  
rates will increase :-I(Rule s predicting 

gnp high. /classes C1 ..... Ck) 

Te rms  Spaces of  possible dcfns 
D S e t  

grip high :- ...... (Definitions for terms T1 ..... Tn ~.----  ~ 
gnp(G), of  terms ~ / ' f  ~ " ~  
G > 7%. T1 ..... Tn uscd"'x(~" ~,,'- ~ v,)/ 

Data in RSet) ~ 
Fig. 1. The Two-Layered Theory Structure and Search Problem. 

1.3 Issues for a Learning S y s t e m  
Two key issues must be addressed to conduct learning within this structure. 
First, a suitable representation of background knowledge must be designed, and a 
mapping from it to tile search spaces define(I (specifying which I)arts of the spaces 
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should be searched and which can be ignored). Second, the interdependence 
between the different searches must be addressed. In the two layer structure 
depicted in Figure 1, the two searches are not independent: to search for a good 
rule set, we need to know the definitions of the terms in those rules so that their 
accuracy on training data can be computed; however to evaluate which definition 
of a term maximises a rule set's accuracy, we need to already have that rule set 
selected. The learning algorithm must address this problem. 

2 Application to t h e  D o m a i n  of  E c o n o m i c s  
2.1 Da ta  and  Le~trning Task 
We now describe the application of this framework to the economics domain. 

The raw economic da t a  consist of the numeric values of 10 economic pa- 
rameters Pi E P for a particular country ~t a particular time, taken from an 
economic magazine (the Economist). The ten parameters are the boxed items 
shown in Figure 2. Bi-annual values for 10 countries over 8 years were used. 

The learning task is to predict (for some country) the direction of change 
( increase  or decrease) of each parameter Pi in year Y + 1 given values of all 
parameters P in years up to and including Y. 

For each parameter Pi, positive and negative t ra in ing  examples  are ex- 
tracted from the raw data by choosing a year Y, observing whether Pi increases 
or decreases in year Y+I  (the target class), and recording the values of all pa- 
rameters P for year Y and previous years (the attributes). To constrain the task, 
we only look two years back in the past. Ten training sets are extracted from 
the raw data in this way, one for each t9i. 

foreign ~ _ . _  _ , 

demand r i~tc~tmth, ' , r  / e change 
IDalancel 'x~ g lunemployment I + ~ .  rate 

I o ~ n  ~ �9 investor 

~ f  o o o d s ~ U ~  ... ,-'---r-~ [ ' ~ ' ~  foreign 
" ~,~,~ I S  ales ~ p r o n L t s  ~- ~ investment 

Fig. 2. The Economic Qualitative Model used as Background Knowledge. 

2.2 Specifying the Rule Space using a QM 
While we do not have enough economic knowledge for parameter predictioJl 
independent of the data, we do Imve some knowledge of the relationships among 
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economic parameters.  Some potential rules are plausible according to this naive 
knowledge, whereas others are not. For example, the rule 

"if  interest rates high t h e n  GNP will decrease." 

has a plausible explanation: high interest rates reduce companies' profits, reduc- 
ing future investment and eventually reducing productivi ty and GNP. 

We capture this naive knowledge in the form of a q u a l i t a t i v e  m o d e l  (QM), 
in a similar way to [5]. The QM expresses the believed relations between the 
10 parameters P and an additional 8 unmeasurable parameters Q (the unboxed 
items in Figure 2). The model can be depicted as a network of nodes and directed 
arcs, each node representing one of these parameters and each arc representing 
a qualitative influence of one parameter  on another. Each parameter  has an 
associated numeric value (for a given country and year), but in the model we 
use just two qualitative values, h igh  or low. As in Qualitative Process Theory [6], 
we label the arcs 0§  to denote a positive influence and 0 -  a negative influence. 
If we can find a path  from one parameter Pi to another Pj, then we say there is a 
plausible relationship between Pi and Pj, explainable by the path, which can be 
used to form a rule in the domain theory. The complete model thus specifies the 
space of rules RSpace from which a 'concrete'  domain theory can be extracted, 
each path in the model corresponding to a different rule. 

The model we use is depicted in Figure 2, constructed manually by the au- 
thors in the style of Charniak's economic model [7]. A rule extraction algorithm 
is used to extract  plausible rules from the model: a rule corresponds to a sub- 
graph which has exactly one node reachable from every other node. This node 
forms the rule's <conclusion> and the other nodes (discounting those represent- 
ing the Qi) form the rule's <condit ion>,  and with values h igh  and low assigned 
to the nodes consistent with the 0§  and 0 -  labels in the subgraph. 

2.3 S p e c i f y i n g  t h e  D e f i n i t i o n  Space  
While our qualitative model looks similar to the QMs of Qualitative Process 
Theory, it differs in one important  respect: we do not assume a particular map- 
ping from qualitative values onto quantitative values. For example, what should 
the definition be of "high GNP"?  (e.g. GNP > some constant? GNP > previous 
year's GNP? etc.). However, while we do not know which definitions of these 
terms are most suitable, we do know some constraints on their form. For exam- 
ple, a definition of "high GNP" should at least test whether the current GNP is 
greater than some other value, and (to a first approximation) probably should 
not refer to data  from other countries or data  several years old. 

This sort of knowledge constitutes the second part  of the background knowl- 
edge, namely a specification of the space of plausible definitions of terms in the 
model. We express this by constraining definitions in DSet to have the form: 

Viy _> f(Viy_l,Viy_2,K) ; Pi :- high (3) 

where Viy , Viy_l and Viy_2 are the numeric values of parameter Pi in years 
Y, Y-1 and Y-2 respectively, K is a constant and f 0  is an arithmetic expression 
using operators {+,-,/ ,*}, and in which Viy_ l ,  Viy_2 and K appear at most 
once. 
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3 Learning Algorithms 
To overcome the 'bootstrapping problem' of mutual  dependence of the two 
searches (Section 1.3), we proceed as follows: 

1. Assume the 10 qualitative terms to be defined as (Viy > Viy_l ) -+ Pi = high, 
i.e. assume an initial DSet. 

2. Given these definitions, induce rules RSet using the training data. This 
is done using a greedy set covering algorithm, and performing a standard 
general-to-specific beam search for a good rule at each iteration of the cov- 
ering algorithm (the same algorithm used in CN2 for propositional learning 
[8]). The space searched is the QM-constrained space of rules (Section 2.2). 

3. Keeping RSet fixed, use a hill-climbing algorithm to search for an improved 
DSet, by trying alternative definitions for individual terms according to 
eqn (3). Hill-climb until a local optimum is reached. 

4 Empirical Investigation 
We applied these learning algorithms and the background knowledge to the eco- 
nomics data, using a random 2:1 train:test split of the dataset and averaging 
over five trials. The purposes of the experiments were three-fold: first, to illus- 
trate the methodology and show that  a domain theory can be learned which 
is both predictive and explainable with respect to the background knowledge; 
second, to examine the applicability of the suggested algorithms to the problem; 
and third, as a side issue, to comment on how good our qualitative model is as 
a source of background knowledge for this task. The QM dramatically reduces 
the size of the rule space from 90,000 rules to 1666 rules [2]. We hope that  these 
'explainable' rules will be adequate for constructing a predictive domain theory. 
We also hope that  the background knowledge will focus search on the 'best '  
rules on the space, rules which a heuristic search of the entire rule space might 
otherwise miss, and thus outperform an unconstrained search. 

RSpace Accuracy (%) run t ime  
to search: Train Test (sec) 

(i) search entire rulespace (90,000 rules) 94.2 4-0.1 53.9 -4-1.2 5141 =t=318 
(ii) search QM-space (1666 rules) 60.3 -4-0.4 54.5 -4-0.6 510 4-81 
(iii) search QM-space + optimise DSet 62.3 :t=0.3 54.7 • (n/a) 

Table 1. Comparison of learning with and without the QM as background knowledge. 

We compared three learning scenarios: (i) assume a fixed DSet then search 
the entire rule space, (ii) assume a fixed DSet then search the QM-constrained 
rule space (steps 1 and 2 in Section 3), (iii) same, then try to improve the initial 
term definitions using the optimiser (steps 1-3 in Section 3). Our results (Table 1) 
were somewhat surprising, in that  no significant accuracy difference was found. 
The main contribution of the background knowledge, in this case, is thus to 
provide 'explainable' rules (i.e. compatible with background knowledge) and to 
reduce learning time. The results, only slightly better than the default accuracy 
of 50%, also reflect the substantial difficulties of predicting purely from sparse 
economic data, ignoring major factors such as politics, industrial infrastructure 
etc. Further analyses of this data  set using a variety of other algorithms suggest 
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the data  is highly impoverished, on its own, as a basis for prediction, and suggest 
further experiments with a richer dataset would be useful. 

5 Discussion and Conclusion 
From the methodology's  point of view, the most important  point we have il- 
lustrated is that  it can be applied to efficiently learn-a domain theory which is 
s tructured and explainable with respect to the available background knowledge. 
All the rules 'make sense', i.e. are explainable in the same style as the example 
in Section 2.2, while non-sensical rules have been naturally excluded as a conse- 
quence of our approach. This explainability aspect is particularly significant if 
the learned knowledge is to be incorporated within a body of existing knowledge, 
as is becoming increasingly the case in machine learning research. It also offers 
significant potential  for assisting in the labour-intensive task of post-learning 
rule engineering, an essential part  of commercial application of machine learn- 
ing, in which non-sensicM rules have to be identified, removed or edited, and the 
training data  modified. 

Our particular results in this economics domain were also surprising, in ' that  
the background knowledge had little impact on predictive accuracy, its main ad- 

van t a ge  instead being explainability. This suggests that  the information content 
of our particular qualitative model, for prediction purposes, was more limited 
than we originally expected, and also reflects the inherent limits in predicting 
from sparse economic data. Results of the evaluation also suggest the obvious 
and exciting extension to allow feedback from the results of learning to improve 
the background knowledge itself. 

Acknowledgements :  We are particularly grateful to Rob Holte and Peter Turney for 
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