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Abstract

The new technologies for Knowledge Discovery from Databases (KDD) and data mining promise

to bring new insights into a voluminous growing amount of biological data. KDD technology is

complementary to laboratory experimentation and helps speed up biological research. This article

contains an introduction to KDD, a review of data mining tools, and their biological applications.

We discuss the domain concepts related to biological data and databases, as well as current KDD

and data mining developments in biology.

1 Introduction

Biological databases continue to grow rapidly. This growth is re¯ected by increases in both the size

and complexity of individual databases as well as in the proliferation of new databases. A huge body

of data is thus available for the extraction of high-level information, including the development of

new concepts, concept interrelationships and interesting patterns hidden in the databases.

KDD is an emerging ®eld combining techniques from databases, statistics and arti®cial

intelligence, which is concerned with the theoretical and practical issues of extracting high level

information (or knowledge) from a large volume of low-level data. Examples of high-level

information derived from low-level data include forms that are more compact (e.g., short reports),

more abstract (e.g., descriptive models of the process that generated data), or more useful (e.g.,

predictive models for estimating values of the future cases) than the low-level data. According to

Fayyad et al. (1996), KDD refers to the overall process of discovering useful knowledge from

databases, and data mining refers to a particular step in this process. They de®ned knowledge

discovery in databases as the non-trivial process of identifying valid, novel, potentially useful, and

understandable patterns in data. Data is a set of facts (stored in a ®le or a database) and a pattern is

an expression in some language describing a subset of the data or a model applicable to the subset.

Extracting a pattern also involves: (a) ®tting a model to data, (b) ®nding structure from data, or (c)

making any high-level description of a set of data. The KDD process is interactive and iterative

(Brachman and Anand, 1996). KDD comprises multiple steps, which involve: (a) data preparation,

(b) pattern searching, (c) knowledge evaluation, and (d) re®nement. These steps can be repeated in

multiple iterations. The core step of KDD is data mining ± the application of speci®c tools for

pattern discovery and extraction. The KDD process uses search or inference methods, rather than

simple calculations.

The usage of standard algorithms such as BLAST (Altschul and Gish, 1996) or FASTA (Pearson,

1998) in comparing a given biological sequence with database entries does not equate to performing

knowledge discovery, although these algorithms may be used in particular steps of the KDD

process. The practical aspects of data mining include dealing with issues such as data storage and

access, scalability of massive data sets, presentation of results and human-machine interaction.



The discovered patterns should be valid, in that the user should have a high degree of certainty of

a correct result when the derived knowledge is extracted from new data. Various measures of

validity are available, including prediction accuracy on new data and the utility or gain (for example

in dollar value or speed-up). The estimation of novelty, usefulness, or understandability of the

discovered knowledge is much more subjective and depends on the purpose of the KDD.

Interestingness (Silberschatz and Tuzhilin, 1997) represents an overall measure of a pattern value,

which combines validity, novelty, usefulness and simplicity. Biological data is inherently noisy,

containing errors and biases. Filtering errors and de-biasing data help improve the results of KDD.

This ®ltering can be performed at every step of the KDD process and is often based on human

decision. Alternatively, the ®ltering can be internal to the data mining algorithm. The validation of

the discovered knowledge is a critical issue for the data mining as well as the overall KDD process.

Veri®cation tasks themselves are a form of validation and involve estimation of the quality of data

®tting and hence require the use of statistical tests. Discovery, in particular prediction tasks, requires

careful validation.

Both the general requirements of the KDD process and the speci®c requirements of the

application domain need to be considered in the design of a KDD process in biology. Data mining

tasks have been de®ned in study of biological sequences. Examples including the ®nding of genes in

DNA sequences (e.g., Krogh et al., 1994), regulatory elements in genomes (e.g., Brazma et al., 1997)

and knowledge discovery on both transmembrane domain and signal peptide sequences (Shoudai et

al., 1995). Numerous tools suitable for data mining in biology are available, yet the selection of an

appropriate tool is non-trivial. The KDD process provides for the selection of the appropriate data

mining methods by taking into account both domain characteristics and general KDD process

requirements.

The KDD methodology is complementary to laboratory experiments and can accelerate the

process of discovery in biology. This is achieved by both minimisation of the number of necessary

experiments and by an improved capacity to interpret biological data. Besides prediction of

biological function, the examples of successful applications include KDD for experiment planning

(Honeyman et al., 1998a), and for a description of new biological concepts (Brusic et al., 1998b).

2 Introduction to KDD

2.1 De®nitions

2.1.1 What is knowledge?

Data is raw material which needs to be processed ± by a human, or a computer, or indeed by any

other means. Information is data that has been organised (by a human or a computer) so that it is

meaningful and useful. Conventional databases represent simple data types, such as numbers,

strings and Boolean values. Knowledge is a form of information, besides raw data, interpreted data

and expertise. Current applications require more complex information such as processes, proce-

dures, actions, causality, time, motivations, goals, and common sense reasoning (Firebaugh, 1989:

Ch. 9). Biological applications also require information on structure and organisation. The term

knowledge describes this broader category of information.

2.1.2 What is knowledge discovery from databases?

At an abstract level, the Knowledge Discovery from Databases (KDD) ®eld is concerned with the

development of methods and techniques for making sense from data. KDD is useful where low-level

data is di�cult to understand or interpret because it is either too voluminous or too complex. If data

are derived from a particularly complex domain the KDD process is typically performed on small

data sets, relative to the complexity of the process that generated the data. At the core of the KDD

process is the application of speci®c data mining methods for pattern discovery and extraction.
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2.1.3 Why do we need KDD?

Fayyad et al. (1996) state that the traditional method of turning data into knowledge relies on

manual analysis and interpretation. This approach is known in deductive databases, where the rules

would be learned manually from interviewing experts (Zeleznikow and Hunter, 1994: Ch. 8). The

classical approach to data analysis relies fundamentally on one or more analysts becoming

intimately familiar with the data and serving as an interface between the data and the users and

products. Manual probing of a data set is slow, expensive and highly subjective. With data volumes

growing dramatically, manual data analysis is becoming impractical. Databases are increasing in

size in two ways: the number N of records or objects in the database, and the number d of ®elds or

attributes to an object. In the domain of Astronomy, databases containing the order of N= 109

objects are becoming common. In medical diagnostic applications there are databases containing

even d=103 ®elds. Biological databases are even more complicated, since related data are dispersed

across heterogeneous and geographically scattered databases. In a database containing millions of

records, with tens or hundreds of ®elds, some form of automated analysis is essential.

2.1.4 KDD process

The KDD process involves ten steps, the ®rst nine were de®ned by Fayyad et al. (1996), and the last

step by Zeleznikov and Stranieri (personal communication).

1. Learning the application domain ± this includes developing relevant prior knowledge and

identifying the goal and the initial purpose of the KDD process from the user's viewpoint.

2. Creating a target data set ± including selecting a data set or focusing on a set of variables or data

samples on which the discovery is to be performed.

3. Data cleaning and pre-processing ± includes operations such as removing noise or outliers if

appropriate, collecting the necessary information to model or account for noise and deciding on

strategies for handling missing data ®elds.

4. Data reduction and projection ± includes ®nding useful features to represent the data. With

dimensionality reduction or transformation methods, the e�ective number of variables under

consideration can be reduced, or invariant representations for the data can be found.

5. Choosing the function of data mining ± includes deciding the purpose of the model derived by

the data mining algorithm: summarisation, classi®cation, regression and clustering.

6. Choosing the data mining algorithms ± includes selecting methods to be used for searching for

patterns in the data and matching a particular data mining method with the overall criteria of

the KDD process. This process includes deciding which models and parameters might be

appropriate. It also involves matching a particular data mining method with the overall criteria

of the KDD.

7. Data mining ± includes searching for patterns of interest in a particular representational form or

a set of such representations including classi®cation rules or trees, regression, clustering and

dependency modeling.

8. Interpretation ± involves possible further iterations of any of steps (1±7). This step can also

involve visualisation of the extracted patterns and models or visualisation of the data given the

extracted models;

9. Using discovered knowledge ± this step involves acting directly on the discovered knowledge,

incorporating the knowledge into another system for further action, or documenting and

reporting the knowledge. It also includes checking and resolving potential con¯icts with

previously believed (or extracted) knowledge.

10. Evaluation of KDD purpose ± newly discovered knowledge is often used to formulate new

hypotheses; also new questions may be raised using the enlarged knowledge base. In this step

the KDD process is evaluated for possible further use in both re®nement and expansion of the

purpose of the KDD process relative to the previous KDD cycle. The diagrammatic

representation of the KDD process is given in Figure 1.
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2.1.5 Data mining

Data mining is a problem-solving methodology that ®nds a formal description, eventually of a

complex nature, of patterns and regularities in a set of data. Decker and Focardi (1995) consider

various domains that are suitable for data mining, including medicine and business. They state that

in practical applications, data mining is based on two assumptions. First, the functions that one

wants to generalise can be approximated through some relatively simple computational model with

a certain level of precision. Second, the sample data set contains su�cient information required for

performing the generalisation. Fayyad et al. (1996) see data mining as the application of speci®c

algorithms for extracting patterns from data. The additional steps in the KDD process are essential

to ensure that useful knowledge is derived from the data. Blind application of data mining ± known

as data dredging ± can easily lead to the discovery of meaningless or misleading patterns.

2.2 KDD ± an interdisciplinary topic

KDD brings together distinct research ®elds including machine learning, pattern recognition,

databases, statistics, arti®cial intelligence, knowledge acquisition, data visualisation and high-
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Figure 1 Steps of the KDD process
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performance computing. The common goal is extracting new high-level knowledge from data. The

data mining component of KDD uses tools from statistics, machine learning, and pattern

recognition to extract patterns from data. KDD focuses on the overall process of knowledge

discovery from data, including (a) data issues (storage and access), (b) data set scaling and

reduction, (c) visualisation of results, (d) man-machine interactions, (e) pattern recognition, (f)

modelling algorithms, and (g) interpretation of results.

KDD data is a statistical endeavor. Statistics provides a language and framework for quantifying

the uncertainty that results from inference of general patterns from a sample data. A speci®c

concern that requires a careful consideration is that patterns, which appear to be statistically

signi®cant but in fact are not, can be found in any data set (even in randomly generated data). Data

mining is legitimate if it is performed with the appropriate consideration of the statistical aspects of

the studied problem. KDD provides tools to combine and automate, as much as possible, the

process of data analysis and the art of hypothesis selection.

Data warehousing is the process of collecting, cleaning and reducing of transactional data for on-

line analysis and decision support. Data warehousing facilitates two aspects of KDD process: data

cleaning and data access. Data cleaning addresses data naming convention, uniform data

representation, handling missing data, ®ltering noise and errors, and data de-biasing. Data access

issues include de®ning uniform methods for accessing the data (including the data stored o�-line).

After data is stored and accessible, KDD can be performed. A popular approach for analysis of

data warehouses is called On-Line Analytical Processing (OLAP) (Codd, 1993). OLAP tools focus

on providing multidimensional data analysis, which is superior to SQL in computing summaries and

breakdowns along many dimensions. OLAP tools are targeted toward simplifying and supporting

interactive data analysis, whilst the goal of KDD tools is to automate as much of the process as is

possible. Thus, KDD is a step beyond what is currently supported by most standard database

systems.

2.3 The data mining step of the KDD process

The data mining component of the KDD process often involves an iterative application of

particular data mining methods. Data mining involves ®tting models to observed data or producing

various forms of data descriptions. The ®tted models may represent the inferred knowledge. Human

judgement is often required in deciding if models re¯ect useful or interesting knowledge. Two

mathematical formalisms are used in model ®tting: statistics and logic. A non-deterministic

underlying model is assumed in statistical approach, whereas the logical model is purely determi-

nistic. The statistical approach to data mining is most widely used for practical data mining

applications because real-world data is commonly associated with uncertainty. Most data mining

methods are based on well-developed techniques from machine learning, pattern recognition, and

statistics (such as classi®cation, clustering or regression).

In this section we describe two practical goals of data mining: prediction and description. These

goals can be achieved by using various general data mining methods, which are described below. A

more detailed explanation can be found in Fayyad et al. (1996)

Description focuses on ®nding interpretable patterns, which either quantify the existing data or

capture the essential qualities within the data. Predictive data mining refers to assigning a value to a

variable of interest in the context of a new or future case. Although the boundaries between

prediction and description are not sharp, the distinction is useful for understanding the overall

knowledge discovery goal. The relative importance of prediction and description on particular data

mining applications can vary considerably. The goals of prediction and description can be achieved

using a variety of particular data mining methods. These methods include classi®cation, regression,

clustering, summarisation, dependency modeling, and change and deviation detection (Fayyad et

al., 1996).

Classi®cation is a learning technique that ®nds a function, which maps a data item into one of

several prede®ned classes (e.g., the prediction of peptides that bind MHC molecules ± Brusic et al.,
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1998a). Regression maps a data item to a real-valued variable (e.g., quantitative structure-activity

relationship analysis ± Kubinyi et al., 1998). Clustering is used to identify distinct or overlapping

subsets within data, which provide better description (e.g., ®nding clusters of protein families ±

Tatusov et al., 1997). Summarisation comprises methods for ®nding a compact description for data.

Dependency modelling refers to ®nding a model or a description that explains signi®cant

dependencies between variables (e.g., modelling the human genome). Change and deviation

detection focuses on discovering the most signi®cant changes in the data from previously measured

or normative values (e.g., study of mutagenicity of active compounds ± King et al., 1996).

Any data mining algorithm comprises three primary components (Fayyad et al., 1996), namely:

(a) model representation, (b) model evaluation, and (c) search. Model representation is the language

for describing the data patterns. The derivation of a representative model requires that the model

representation must provide su�cient complexity, and that a su�cient amount of data is available.

Model evaluation comprises activities for assessing the adequacy of the model, including measures

of accuracy and interestingness. Search methods include model search and parameter search. The

goal of a model search is ®nding the most adequate model representation for a given problem.

Parameter search is an optimisation process for ®nding model parameters that produce the best data

®tting.

2.4 Data mining tools: an overview

We shall brie¯y describe several popular techniques, namely: (a) decision trees and rules, (b) non-

linear regression and classi®cation methods, (c) example-based methods, (d) probabilistic models,

and (e) relational learning models. In this paper, we provide an overview of data mining methods

intended to help the reader understand the data mining methods and facilitate the selection of the

``most appropriate method'' for a given problem.

2.4.1 Decision trees and rules

Decision trees consist of nodes and edges; each node contains a test on some attribute of the data.

Decision trees and rules that use binary splits produce classi®cations which can be easily under-

stood, and produce compact models. However, the restriction to a particular tree or rule

representation can limit the functionality and approximation power of the model. An example of a

decision tree is given in Figure 2. Decision trees use likelihood-based model-evaluation methods,

Fourier-3 < 147.0

Fourier-3 < 199.0

Noncoding

Noncoding Coding

Coding

Coding

Coding

Diamino acid usage <  2.911

Hexamer-2 < -2.583

Hexamer-1 < -2.708

Figure 2 An example of a decision tree which predicts protein coding regions. This decision tree uses four

features and contains ®ve test nodes. (Adapted from Salzberg (1995) where detailed description of feature
measures can be found.)
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combined with search methods for growing and pruning tree structures. Decision trees and rules are

commonly used in prediction tasks for classi®cation, regression or summarisation.

Induction is the process in which rules are generated from sample cases. A rule induction system

creates rules that ®t the example cases. The rules can be used to assess other cases where the outcome

is not known. An example of a rule induction system is the ID3 algorithm of Quinlan (1986), which

has been extended to the C4.5 algorithm (Quinlan, 1993), and more recently to C5.0. A

characteristic of induction algorithms is that the learning is based on the statistical analysis of the

training set. Machine induction allows for the deduction of new knowledge. It may be possible to list

all the factors in¯uencing a decision without understanding their impacts. The rules generated can

be reviewed and modi®ed by the domain expert. Di�culties in implementing rule induction systems

include:

. The generated rules are not always easy for humans to understand.

. If the attributes selected by the domain expert for de®ning the training set are not appropriate, it

is likely that the induced rules will be of little value.

. Rule induction systems work well only with relatively small number of attributes.

. The training set should not include cases that are exceptions to the underlying rules. In biology,

this requirement is di�cult to ful®l.

An example of a tree-based application in biology is BONSAI Garden System (Shoudai et al., 1995).

The BONSAI system uses positive and negative examples to produce decision trees and has been

used to discover knowledge on transmembrane domain sequences and signal peptide sequences

through the use of computer experiments. Decision trees have also been used for determination of

protein coding regions (Salzberg, 1995).

2.4.2 Nonlinear regression and classi®cation methods

Non-linear regression methods utilise non-linear functions such as polynomials, sigmoids, or

splines, for ®nding relationships between input variables Xi and output variables Yi, by ®tting

functions to the available data. Examples include methods which use (Fayyad et al., 1996): (a) feed-

forward neural networks, (b) adaptive splines, or (c) projection pursuit. Non-linear regression

methods, although powerful in representational power, can be di�cult to interpret.

A neural network of the appropriate size can universally approximate any smooth function to any

desired degree of accuracy. However, it is relatively di�cult to elucidate generalised rules that

characterise training data from a trained neural network. Arti®cial neural networks were originally

designed to simulate the information processing (connectivity and signalling) within a biological

brain. This consists of many self-adjusting processing elements cooperating in a densely inter-

connected network. A description of neural network theory with applications in biology can be

found in Baldi and Brunak (1998: Ch. 5, 6). There are many examples of neural network

applications in biology starting from early 1980s. An early example is the prediction of translation

initiation sites in DNA sequences (e.g., see Stormo et al., 1982). Brusic et al. (1998a) developed the

PERUN system which utilises an evolutionary algorithm and arti®cial neural networks for

prediction of immunologically interesting peptides.

Adaptive spline functions provide smooth approximations of multidimensional objects, which

have the ability to capture high order interactions. This method is exempli®ed in MARS (Multiple

Adaptive Regression Splines) model (Friedman, 1991). The MARS model utilises recursive

partitioning of the input space in search of smooth basis functions that approximate multi-

dimensional objects. The model is built by ®tting of the splines to the overlapping input space

partitions, followed by pruning using cross-validation. A particular strength of the MARS model is

in its interpretation capabilities: the e�ects of individual variables and pairs of variables are

collected together and presented graphically. This method is relatively complex for use (Elder and

Pregibon, 1996), and has not been extensively used in biology. Clinical applications have been

reported in Friedman and Roosen (1995).

Projection pursuit methods are useful for ®nding general low-dimensional structure in high-
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dimensional, sparse data (Cook et al., 1995). Projection pursuit is a set of analytical techniques for

®nding interesting projections of multi-variate data. Early applications included visual examination

of data represented as various types of plots (histograms, scatterplots or three-dimensional plots). In

high dimensional models the number of views can be large; statistical measures of interestingness

have been de®ned to help the selection of interesting views (see also Silberschatz and Tuzhilin, 1997).

These measures include the deviation from normal distribution (Diaconis and Freedman, 1984) and

maximal correlation index (Friedman and Stuetzle, 1981). A singular measure of interestingness is

simple to use; however, structures, that are obvious to an analyst using visual inspection, are often

misclassi®ed (Elder and Pregibon, 1996). Projection pursuit was used for classi®cation of protein

structures (Klein and Somorjai, 1988).

2.4.3 Example-based methods

Example-based methods use representative examples to approximate a model. The properties of

new examples are predicted by matching properties of well-known examples in the model. These

methods include: (a) nearest neighbour classi®cation, (b) regression analysis, and (c) case-based

reasoning. Example-based methods have proven very useful in biology, either when dealing with

sparse data or when combined with other methods.

Nearest neighbour classi®cation (Cover and Hart, 1967) is a non-parametric (model-free)

method, which examines distances between the input case and known points, using pre-de®ned

metrics. The result returned is the closest point. Alternatively, a case will be classi®ed according to

its similarity to previously known cases. Biological sequence similarity search methods, such as

BLAST or Fasta are forms of nearest neighbour methods. The metrics for individual searches are

de®ned by selection of the comparison algorithm, of search parameters (such as gap and gap-length

penalty), and of comparison matrices. The advantage of nearest neighbour methods is that they are

simple to develop and easy to use. However, the accuracy of these methods is highly dependent on

the selection of the distance metrics, and is often low for problems of high dimensionality. The

applications of nearest neighbour methods in biology include the prediction of protein secondary

structure (Levin, 1997) and the analysis of evolutionary trees (Li et al., 1996).

Regression analysis can be the goal of a data mining exercise. However, regression analysis can

also be used as a data mining tool. Various forms of regression analysis include linear models

(McCullagh and Nielder, 1989) or non-linear models (Bates and Watts, 1988). Regression methods

have been applied to a variety of biological problems including quantitative structure-function

analysis (Kubinyi et al., 1998), secondary structure content (Zhang et al., 1998) and protein/ligand

interactions (Kauvar et al., 1995).

Case-Based Reasoning (CBR) is the common name for a number of techniques that use

representation and reasoning from prior experience to analyse or solve a new problem. CBR may

include explanations of similarities or di�erences between the previous examples and the present

problem. It also includes techniques for adaptation of past solutions to meet the requirements of the

present problem. Figure 3 indicates the case-based reasoning cycle. The characteristics of case based

reasoners are:

. They can arrive at conclusions based on a number of cases, rather than the entire set of possibly

contradictory and complex rules.

. They can interpret open textured concepts by using analogy.

. In sharp contrast to rule-based systems, the accuracy of a CBR system increases with the number

of stored cases.

. Case based reasoners can improve the knowledge acquisition process because the notion of a

case, precedent or prior experience is intuitive for knowledge engineers and domain experts alike.

Ashley (1992) has identi®ed ®ve case-based reasoning approaches: (a) statistically oriented, (b)

model based, (c) planning/design oriented, (d) exemplar based, or (e) precedent based. Examples

from biology include the use of case-based reasoning in prediction of protein secondary structure

(Leng et al., 1994) and gene annotation applications (Overton and Haas, 1998).
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2.4.4 Probabilistic models

Bayesian methods provide a formalism for reasoning about partial beliefs under conditions of

uncertainty. In this formalism, propositions are given numerical values, signifying the degree of

belief accorded to them. Bayes' theorem is an important result in probability theory, which deals

with conditional probability. It is useful in dealing with uncertainty. Bayesian inference networks

have proved very signi®cant in the domain of information retrieval. Bayes theorem states that the

probability of cause Ai given the observation of event J is equal to the joint probability of J and Ai

divided by the sum of the joint probabilities of J with all terms of Ais.

Pr�AijJ� � Pr�JjAi�Pr�Ai�Pk�n
k�1 Pr�JjAk�

The representative probabilistic techniques include (a) Bayesian classi®cation, (b) probabilistic

graphic dependency models, and (c) hidden Markov models.

Bayesian classi®cation can be considered as either discovering the classes and their descriptions

from a set of cases (unsupervised classi®cation) or mapping a new case to a set of pre-de®ned classes

(supervised classi®cation). Bayesian prediction can be used to determine sets of attributes that de®ne

inter-class di�erences. The introduction of prior probabilities helps improve the integration between

the data ®t and the generalisation power of the model. The limitation of this approach is that the

underlying conceptual model must be explicitly de®ned in terms of attributes and prior probabil-

ities. Bayesian classi®cation is described by Cheeseman and Stutz (1996). Examples of such

biological applications include the estimation of evolutionary dates from sequence data (Thorne et

al., 1998); classi®cation of protein sequence families (Qu et al., 1998); determination of evolutionary

distances in aligned sequences (Agarwal and States, 1996); and ®nding regulatory regions in DNA

(Crowley et al., 1997).

Graphical models specify probabilistic dependencies using a graph structure. The model speci®es

the dependencies between variables, which can be categorical, discrete-valued or real-valued. Early

graphic models were developed for probabilistic expert systems. The model structure and the

parameters were elicited from experts. In graphical models, the model evaluation uses Bayesian

probabilities, with a variety of estimation techniques or iterative search methods for parameter

estimation. Various heuristics containing prior knowledge can be used to reduce the search space.

Probabilistic graphical models are of interest to KDD because the graphical representation of the

model facilitates human interpretation. Probabilistic graphical models are described by Whittaker

(1990).

A Hidden Markov model (HMM) is a class of probabilistic graphical models. It is de®ned by a

®nite set of states, associated with a (usually multidimensional) probability distribution. Transitions

between the states are governed by a set of transition and emission probabilities. An outcome of a

transition from a particular state can be generated, according to the associated probability

Propose solution

criticise

evaluate

store

adapt justify

Figure 3 Case-based reasoning cycle. (Adapted from Kolodner (1993).)
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distribution. The states are not visible to an external observer, and therefore they are ``hidden'' to

the outside; only the outcome is visible. The assumption in ®rst-order Markov model is that the

transitions depend only upon the current state. An example of the architecture of a HMM is given in

Figure 4. HMMs can be trained using sets of pre-classi®ed examples and a variety of learning

algorithms. The advantages of HMMs are that they combine solid statistical basis with e�cient

learning algorithms. The limitations of HMMs include the need for a large number of free

parameters, which in turn require a signi®cant number of training cases. Further, a good knowledge

of the domain model is required for selecting the appropriate HMM architecture for a speci®c task.

HMMs have been extensively used in modelling biological sequence data. A detailed description of

HMMs, with biological applications, can be found in Baldi and Brunak (1998: Ch. 7, 8).

2.4.5 Relational learning models

Relational learning or Inductive Logic Programming (ILP) combines the language of ®rst order

predicate calculus with machine learning and automatic programming. A relational learner can

easily derive formulae such as X = Y from within data. Relational models have strong representa-

tional power, but this comes at the price of signi®cant search costs. The detailed description of ILP

can be found in Dzeroski (1996). The applications of ILP in biology include discovery structure-

function relationship for drug design (King et al., 1996).

2.5 An evaluation of performances of various predictive data mining models

When representing data, we must ensure that all relevant features needed for prediction are

encoded; each case will require some minimal representation. On the other hand, if the case

template for the data is larger than need be, we may introduce unnecessary complexity that can

adversely a�ect performance of the prediction system. The most commonly used performance

measure of prediction system is the error rate. True error rate may be di�erent from the computable

apparent error rate and depends upon factors including the number, quality and statistical

distribution of available data and estimation techniques (Weiss and Kulikowski, 1991).

Several measures are available for estimation of the accuracy of a model. The de®nition of terms

is given in Table 1. Common measures include sensitivity (SE) and speci®city (SP). SE indicates the

quantity of predictions, i.e., the proportion of correctly predicted true positives. SP indicates the

quality of predictions, namely the proportion of correctly predicted true negative examples.

Sensitivity and speci®city measures must always be used as paired measures. If a predictive model

achieves SE = 100%, this could be because of the model's high accuracy, in which case SP will also

be high. Alternatively, high sensitivity and low speci®city indicate poor selection of the decision

threshold. Selection of the decision threshold, i.e., the score used to discriminate between positive

and negative examples, will in¯uence the values of SE and SP. Lowering the decision threshold will

increase SE and decrease SP of predictions.

Acc and Aroc (Table 1) provide the convenience of a single measure of the accuracy of predictive

Start
state

End
state

Delete
states

Insert
states

Main
states

Figure 4 An architecture of HMM. (Adapted from Baldi and Brunak (1998).)
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models. The Acc measure is suitable when prevalence of positive and negative cases is similar and

therefore is often not useful in prediction of biological e�ects. Using Relative Operation

Characteristics (ROC) (Swets, 1988) for the integration of functions of (1-SP, SE) for various

decision thresholds provides the Aroc measure. Values of Aroc = 50% indicate random-choice,

Aroc >80% good accuracy, and Aroc >90% excellent accuracy of predictions (Swets, 1988). A

variety of theoretical methods exist including splitting data into training and test sets, internal cross-

validation and bootstrapping (described by Weiss and Kulikowski, 1991). Theoretical estimates of

accuracy tend to be somewhat optimistic. Experimental testing of theoretical models is the best

validation option, provided that the experimental method is of an acceptable accuracy.

2.6 Comparative notes on data mining methods

Logic and rule based systems are easy to build and development shells are available which can speed

the process of building commercial decision support systems. However, such systems are limited in

reasoning ability ± they require interactive input from human experts. We advocate the use of

combined systems, which can perform analogical, inductive and deductive reasoning. The logic of

exploratory data analysis has been studied extensively ± for an initial reference see Yu (1994).

A disadvantage of example-based methods, as compared with tree-based, is that when using the

former, a well-de®ned distance metric for evaluating the distance between data points is required.

Model evaluation is typically based on cross-validation estimates of a prediction error (Weiss and

Kulikowski, 1991). The parameters of the model to be estimated can include the number of

neighbours which are required to make a prediction as well as the distance metric itself. Case-based

reasoners can be built much more quickly than rule-based reasoners and are much easier to

maintain. The addition of a new rule to a rule-based system can require the modi®cation of several

other rules. The addition of cases to a case library rarely involves modi®cation of the library. Model-

based reasoning is based on knowledge of the structure and behaviour of the devices the system is

designed to understand.

Non-linear regression methods are relatively easy to build and maintain, and can tolerate noisy

data, however they require relatively large data sets, and it is often di�cult to extract relevant rules

from the model.

Example-based methods are often powerful in their approximation ability, but conversely, can be

di�cult to interpret because the model is implicit in the data and not explicitly formulated. This

occurs in the case of neural networks. Case-based reasoning, on the other hand, o�ers the following

natural techniques for realising expert systems goals: (a) compiling past solutions, (b) avoiding past

Table 1 De®nition of terms for assessing the accuracy of predictive models

Experimental positives Experimental negatives

Predicted positives True positives (TP) False positives (FP)
Predicted negatives False negatives (FN) True negatives (TN)

Accuracy measure Formula Pairs with

Sensitivity SE=TP/(TP+FN) SP
Speci®city SP=TN/(TN+FP) SE
Positive predictive value PPV=TP/(TP+FP) NPV

Negative predictive value NPV=TN/(TN+FN) PPV
Accuracy Acc= (TP+TN)/(TP+TN+FP+FN) ±
Aroc Integration of ROC curves (see Swets, 1988) ±
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mistakes, (c) interpreting rules, (d) supplementing weak domain models, (e) facilitating explanation,

and (f) supporting knowledge acquisition and learning.

Human knowledge acquisition often involves the use of experiences and cases; case-based

reasoning often accurately models human reasoning. Compared to both rule-based systems and

non-linear regression methods, case-based reasoners have disadvantages in that they are hard to

build, complicated to maintain, and more likely to be research prototypes than commercially useful

systems.

The advantage of probabilistic methods is that they utilise the well-de®ned theoretical back-

ground of Bayesian concepts. The disadvantage of probabilistic methods is that they require

correctly assigned probabilities, which often cannot be clearly assigned in particular biological

cases. This requires good understanding of the nature of data, which is not a requirement in non-

linear regression methods.

Each data mining technique typically has a set of problems for which it is best suited. For

example, decision tree classi®ers can be useful for ®nding structure in high-dimensional spaces and

in problems with mixed continuous and categorical data, because tree distances do not require

distance metrics. However, classi®cation trees might not be suitable for problems where the true

decision boundaries between classes are described by a polynomial. There is no universal data mining

method and choosing a particular algorithm for a particular application is an art rather than a science.

In practice, a large portion of the application e�ort should go into properly formulating the problem

rather than into optimising the algorithmic details of a particular data mining method.

3 Domain concepts from biological data and databases

3.1 Bioinformatics

There are ever-increasing requirements for both the speed and the sophistication of data analysis.

Bioinformatics is a ®eld emerging at the overlap between biology and computer science. Biological

science provides deep understanding of this complex domain, while computer science provides an

e�ective means to store and analyse large volumes of complex data. Combining the two ®elds

provides the potential for great strides in understanding biological systems and increasing the

e�ectiveness of biological research. There are many problems in ensuring the e�ective use of

bioinformatic tools: an average biologist has a limited understanding of sophisticated data analysis

methods and of their applicability and limitations; an average computer scientist lacks under-

standing of the depth and complexity of biological data. Bioinformaticians need to develop the

understanding of both ®elds.

The KDD process provides a framework for the e�cient use of bioinformatics resources in both

de®ning meaningful biological questions and obtaining acceptable answers.

3.2 What do we need to know about biological data?

The four most important data-related considerations for the analysis of biological systems are

understanding of: (a) the complexity and hierarchical nature of processes that generate biological

data, (b) the fuzziness of biological data, (c) the biases and potential misconceptions arising from

domain history, reasoning with limited knowledge, a changing domain, and methodological

artefacts, and (d) the e�ects of noise and errors. Despite a broad awareness of the nature of

biological data, biological-data-speci®c issues have not been extensively reported in the bioinfor-

matics literature. This awareness is exempli®ed in the words of Altschul et al. (1994):

``Surprisingly strong biases exist in protein and nucleic acid sequences and sequence databases. Many of

these re¯ect fundamental mosaic sequence properties that are of considerable biological interest in
themselves, such as segments of low compositional complexity or short-period repeats. Databases also
contain some very large families of related domains, motifs or repeated sequences, in some cases with

hundreds of members. In other cases there has been a historical bias in the molecules that have been chosen
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for sequencing. In practice, unless special measures are taken, these biases commonly confound database
search methods and interfere with the discovery of interesting new sequence similarities.''

3.2.1 Complexity underlying biological data

Biological data are sets of facts stored in databases, which represent measurements or observations

of complex biological systems. The underlying biological processes are highly interconnected and

hierarchical; this complexity is usually not encoded in the data structure, but is a part of the

background knowledge. Knowledge of the biological process from which data are derived enables

us to understand the domain features that are not contained in the data set. Raw information thus

has a meaning only in the broader context, understanding of which is a prerequisite for asking

``right'' questions and the subsequent selection of the appropriate analysis tools. According to

Benton (1996), the complexity of biological data is due both to the inherent diversity and complexity

of the subject matter, and to the sociology of biology.

3.2.2 Fuzziness of biological data

Biological data are quanti®ed using a variety of direct or indirect experimental methods. Even in a

study of a clearly delineated biological phenomenon a variety of experimental methods are usually

available. An experimental method is considered useful if a correlation can be established between

its results and a studied phenomenon. This correlation is rarely, if ever, perfect. Distinct

experimental methods in the study of the same biological phenomenon would generally produce

sets of results that overlap, but not fully. Comparing these results involves scaling and granularity

issues. Within the same experimental method, di�erences of results arise from our inability to

reproduce identical conditions (e.g., temperature, pH, use of di�erent cells or cell lines, use of

chemicals from di�erent suppliers, etc.). The quanti®cation of the results is commonly a result of a

human decision, which may vary due to calibration of equipment.

A reported quantitative result is typically the average value of several independent experiments.

Quantitative biological data is fuzzy due to the inherent fuzziness of the biological systems

themselves, and to the imprecision of the methods used to collect and evaluate data. Quantitative

biological data therefore represent approximate measurements. On the other hand, the classes to

which qualitative biological data are assigned are arbitrary, but objective in that they represent

some biological facts. Biological research is largely driven by geographically dispersed individuals,

who use unique experimental protocols and thus biological experimental data are produced with

neither standard semantics nor syntax (Benton, 1996). Understanding the fuzzy nature of biological

data is therefore crucial for the selection of appropriate data analysis tools.

3.2.3 Biases and misconceptions

Biological data are subject to strong biases due to ether their fundamental properties, presence of

large families of related motifs or historical reasons (stated by Altshul et al., 1994). A set of

biological data rarely represents a random sample from the solution space. Typically, new results

are generated around previously determined data points. Some regions of the solution space are

therefore explored in depth, while some regions remain unexplored. Historical reasons are a

common cause of such biases, where a set of rules might be de®ned in an attempt to describe a

biological system. If these rules gain acceptance by a research community, further research will be

directed by applying these rules. If these rules describe a subset of the solution space, the

consequence is the re®nement of the knowledge of the subset of solutions that satis®es the rules,

while the rest of the solution space will be largely ignored. Similarly, reasoning with limited

knowledge can lead to either over- or under-simpli®cation errors. A careful assessment of the

relative importance of each data point is thus necessary for the data analysis. Improvements in the

technology also in¯uence biological data. Older data is often of lower granularity, both quantita-

tively and qualitatively, while newer data is often of higher precision, due to both expanded

background knowledge and improved experimental technology.
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3.2.4 Noise and errors

Sources of noise in biological data include errors of experimentation, measurement, reporting,

annotation and data processing. While it is not possible to eliminate errors from data sets, a good

estimate of the level of noise within the data helps selection of the appropriate method of data

analysis. Due to the complexity of biological systems, theoretical estimation of error levels in the

data sets is di�cult. It is often possible to make a fair estimate of the error level in biological data by

interviewing experimental biologists who understand both the processes that generated that data

and the experimental methodology.

3.2.5 How to design KDD process?

When su�cient data are available and the biological problem is well de®ned, standard statistical

methodology should be applied for the analysis. A ®eld where this approach has been routinely used

is epidemiology (Coggon et al., 1997). Although a statistical analysis of genes and proteins provides

understanding of their bulk properties (Overton and Haas, 1998), the detailed understanding of the

processes that functionally involve these genes and proteins is largely lacking. Most biological

research, particularly in molecular biology, is conducted in domains characterised by incomplete

background knowledge and uses data from various sources and of variable accuracy. In such cases,

develop understanding of the biological system
and experimental methods that generate data

develop standardized fuzzy measures of the data

relate data from various sources
using the standardized measure

identify potential sources of biases in data

assess the validity of relevant
models reported in the literature

estimate the amount and types of
errors in the available data sets

integrate knowledge acquired in previous steps
in some coherent form (e.g. model or description)

working conceptual
model or description

Figure 5 Data learning process. (From Brusic et al. (1998c).)
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the arti®cial intelligence techniques are more useful than statistical techniques. To facilitate a

bioinformatic analysis of biological systems, we have de®ned (Brusic et al., 1998c) a Data Learning

Process (DLP), comprised of a series of steps (Figure 5). Iterative cycling ± a re®nement between any

two steps (a) through (f) ± can be performed. Performing the DLP steps requires signi®cant inputs

from both biologists and computer scientists and must involve two-way communication.

3.4 Database-related issues in biology

Hundreds of biological data repositories are publicly available, containing large quantities of data.

A comprehensive listing of biological databases is available at Infobiogen (Discala et al., 1999). The

ability to access and analyse that data has become crucial in directing biological and medical

research. The Internet and World Wide Web facilitate access to data sources and also provide data

analysis services. The signi®cant research issues involved in developing and using biological

databases are (a) integration of multiple data sources, and (b) ¯exible access to these sources.

3.4.1 Integration of heterogeneous databases

Markowitz's (1995) de®nition of a database is as a data repository, which provides a view of data

that (a) is centralised, (b) is homogeneous, and (c) can be used in multiple applications. The data in a

database are structured according to schema (database de®nition), which is speci®ed in a data

de®nition language. The data are manipulated using operations speci®ed in a data manipulation

language. Data model de®nes the semantics used for data de®nition and data manipulation

languages. Biological databases are characterised by various degrees of heterogeneity in that they:

. Encode di�erent views of the biological domain.

. Utilise di�erent data formats.

. Utilise various database management systems.

. Utilise di�erent data manipulation languages.

. Encode data of various levels of complexity.

. Are constantly evolving.

. Are geographically scattered.

The most popular format for distribution of biological databases is as ¯at ®les. The advances in

understanding biological processes induce frequent changes in ¯at ®le formats currently being used

(Coppieters et al., 1997). Popular formats for biological databases also include Sybase relational

DBMS, Sybase/OPM (Chen et al., 1995), and ACeDB (Durbin and Thierry-Mieg, 1991), among

others.

A comprehensive study of a particular molecular biology domain involves the analysis of data

from multiple sources. Such data is often replicated at di�erent sources. Attempts were made to

overcome the problems arising from heterogeneity of the data sources and access tools (Markowitz,

1995), including:

. Consolidating databases into a single homogeneous database.

. Consolidating databases by imposing a common data de®nition language, data model or

database management system.

. Forming database federations and connecting databases via the internet by maintaining

hyperlinks between component databases, which preserve the individual database's autonomy.

. Forming data warehouses in which arbitrary subsets of data from federated databases are also

loaded into a central database (e.g., Integrated Genomic Database, Ritter et al., 1994).

. Forming multidatabase systems which are collections of loosely coupled databases that can be

queried using a common query language (e.g., in Kleisli, Davidson et al., 1997) or both described

and queried by using a common data model (as in Chen et al., 1995).

Until now, the consolidating options have failed because of cost and lack of cooperation between

biological database developers. Federated databases allow interactive querying of multiple
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databases; however, they unfortunately o�er a limited ability to perform complex queries. From the

KDD perspective, data warehouses and particularly multidatabase systems are the most interesting.

Multidatabase browsers which facilitate retrieval from multiple databases and cross-referencing

include SRS (Etzold et al., 1996), Entrez (Schuler et al., 1996), DBGET (Migimatsu and Fujibuchi,

1996) and ACNUC (ftp://pbil.univ-lyon1.fr/pub/acnuc), among others. Multidatabase

browsers, however, do not allow formulation of complex queries such as those required in KDD

process.

3.4.2 Flexible access to biological databases

KDD requirements include both ¯exible access to multidatabase systems and performing complex

queries. Those requirements facilitate data preparation phase of a KDD process (data preparation

phase includes steps 2, 3 and 4 of Figure 1). A ¯exible access to the diverse biological sources is

facilitated through systems such as CORBA (http://www.mitre.org/research/domis/omg/

orb.html; Coppieters et al., 1997) or Klesli (Davidson et al., 1997).

CORBA (Common Object Request Architecture) de®nes a set of standards which constitute a

coherent framework assessing independent data sources and their services. These standards include

(a) a formal language, (b) the interface de®nition language (IDL) in which data and services are

speci®ed, and (c) the Object Request Broker (ORB) which is necessary to realise these services. The

CORBA framework has been used for integration and interoperability of biological data resources

at the European Bioinformatics Institute (Coppieters et al., 1997). However, according to Kosky et

al. (1996), the IDL is not appropriate for de®ning database schemes and the attempts were made to

combine CORBA with their OPM (Object Protocol Model). CORBA-based technology has been

used for the design and implementation of genome mapping system (Hu et al., 1998) with emphasis

on database connectivity and graphical user interfaces.

BioKleisli (http://adenine.krdl.org.sg:8080./biokleisli.html) o�ers high-level ¯ex-

ible access to human genome and other molecular biological sources. It comprises:

. A self-describing data model for complex structured data.

. A high-level query language for data transformation.

. A ¯exible yet precise control to enable the answering of ad hoc queries.

In the Kleisli environment, the typical query implementation time is reduced from weeks to days

(and sometimes, hours). The architecture of the Kleisli system is given in Figure 6.

By de®nition, the KDD process is non-trivial and applies complex queries to data sources. The

use of standards and tools such as these contained in CORBA or Kleisli systems will be essential for

the future development of integrated biological applications, and consequently for the design of

KDD applications in biology.

4 KDD and data mining developments in biology

Biological data accumulates exponentially in both volume and complexity. The background

knowledge relevant for biological KDD system development increases continuously. The automa-

tion of the knowledge discovery is a part of this accelerating trend. The ®elds where the application

of KDD methodologies shows an increasing importance include annotation of masses of data,

structural and functional genomics, protein structure prediction and modelling, analysis of

biological e�ects (function, signalling patterns, etc.), identi®cation of distantly related proteins,

and practical applications (e.g., drug design).

4.1 Annotation of masses of data

The current estimate of the amount of time required to double both the number of entries and the

number of sequence base-pairs in DNA databases is 14±24 months. This is largely because of

automated generation of Expressed Sequence Tags (EST), which now comprise more than 2/3 of the
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database entries. Less than 10% of an estimated 105 human genes have been currently annotated.

The components of the gene discovery include (a) gene identi®cation, (b) gene characterisation, and

(c) gene expression. A signi®cant e�ort has been directed towards building computational tools for

gene discovery. Tools which have been developed include GRAIL (Uberbacher et al., 1996) and the

Merck Gene Index browser (Eckman et al., 1998). A detailed review on computational gene

discovery can be found in Rawlings and Searls (1997). Braren et al. (1997) used information from

databases to facilitate the discovery of novel genes.

4.2 Structural and functional genomics

Genomics refers to mapping, sequencing and analysis of complete set of genes and chromosomes in

organisms. According to Hiether and Boguski (1997),

``Computational biology will perform a critical and expanding role in this area: whereas structural
genomics has been characterized by data management, functional genomics will be characterized by

mining data sets for particularly valuable information. Functional genomics promises to rapidly narrow
the gap between sequence and function and to yield new insights into the behavior of biological systems.''

An initial phase of a genome analysis is construction of high-resolution genetic, physical and

transcript maps of an organism ± structural genomics. The advanced stage comprises the assessment

of gene function by using the information and reagents provided by structural genomics. A

framework for genomic analysis has been outlined by Tatusov et al. (1997).

4.3 Protein structure prediction and modelling

The structure of a protein can elucidate its function, in both general and speci®c terms, and its

evolutionary history (Brenner et al., 1996). Numerous methods have been developed for protein
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structure analysis in last two decades (e.g., see sections IV and V of Methods in Enzymology, Vol.

266, 1996). Nevertheless, researchers still lack the knowledge of the structure for the majority of

known proteins. Secondary and tertiary structures of only 33% of all sequences in SWISS-PROT

database are currently available ± see the HSSP database (Dodge et al., 1998).

4.4 Analysis of biological e�ects

Biological systems are characterised by high degree of complexity and the processes involved are

usually multi-step and involve multiple pathways. Sequence databases contain little, if any, higher

level knowledge on biological systems and processes. They do, however contain voluminous

amounts of low-level data. It is important to study the biological e�ects of the system at a high

level. The relevant information is available either as expert knowledge or in the literature sources.

The high-level structure can be encoded in a form of a knowledge base or as a model, which can then

be used to formulate and perform complex queries. An example of a knowledge base is the

RIBOWEB system (Chen et al., 1997). Promising results in modelling HIV infections were produced

by rule-based cellular automaton Cybermouse which addresses the complexities of the immune

system (Sieburg et al., 1994).

4.5 Identi®cation of distantly related proteins

Identifying distantly related proteins is a notoriously di�cult ®eld, which is likely to continue to test

the boundaries of new data mining methods. This ®eld also provides an unifying area for the ®elds

described in sections 4.1±4.4. Distant relations between biological sequences provide the main clues

for identi®cation and characterisation of novel sequences in the databases. The approaches include

sequence similarity searches, determination of amino acid motifs, determination of conserved

domains, and matching sequence patterns. The primary goal when identifying distantly related

proteins is the determination of sequences that display low similarity, but which are signi®cantly

related. The discussion of issues in detection of distant similarities can be found in Catell et al.

(1996). More sophisticated methods such as Hidden Markov Models (Krogh et al., 1994) are

gaining popularity. Sequence pattern discovery methods are described by Brazma et al. (1998).

4.6 Practical applications

Bioinformatics is becoming an important ®eld in drug and vaccine design. The determination of

novel compounds for pharmaceutical and agricultural industries includes automated simultaneous

screening of very large samples, such as compound collections and combinatorial libraries, termed

High Throughput Screening (HTS). The main challenge in drug discovery research is to rapidly

identify novel lead compounds. HTS produces enormous amounts of data, which are generally not

matched with the ability to analyse these data, creating a bottleneck. KDD and data mining

techniques will keep playing increasingly important role in this domain. Data mining techniques

have been established for determination of peptide candidates for vaccines and immunotherapeutic

drugs (e.g., Brusic et al., 1994, 1998a).

5 Conclusion

Current advances in biology include the development of automated methods for generation of

biological data. We have been aware, that the amount, complexity and growth of genomic data will

create a major challenge for bioinformatics. This growth has created a need for technologies that

support automatic data handling and data interpretation. Progress in developing techniques for

automatic data handling has lagged considerably behind data accumulation (Overton and Haas,

1998). The consequences of this disparity range from the persistence and spreading of erroneous

information to overlooking scienti®c insights. KDD technology provides the means for automation
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of data handling and knowledge extraction, and support for interpretation of the extracted

knowledge.

Yet another problem resulting from the accumulation of data is that the selection and planning of

wet-lab experiments is becoming increasingly di�cult. Brusic et al. (1998b) have demonstrated that

computer models can be used to complement laboratory experiments and speed up the KDD

process in biology. They have provided evidence that massive scale experiments can be avoided by

the judicious use of smaller-scale targeted experiments aimed at developing and validating

appropriate computer models. These models can then be used for rapid and inexpensive performing

of large-scale computer-simulated experiments. Computer models will grow increasingly important

for biology research. The KDD technology provides the framework for e�ective and comprehensive

use of computer models in biological research.
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