{*}

Rationalityin Discovery

A Studyof Logic, Cognition, Computation

and Neuropharmacology

Alexander van den Bosch

Rationality in Discovery

A Study of Logic, Cognition, Computation

and Neuropharm a cology

ILLC Dissertation Series 2001-02

For further information about ILLC-publications, please contact

Institute for Logic, Language and Computation

Universiteit van Amsterdam

Plantage Muidergracht 24

1018 TV Amsterdam phone: +31-20-5256090 fax: +31-205255101 e-mail: illc@wins.uva.nl

RIJKSUNIVERSITEIT GRONINGEN

Rationality in Discovery

A Study of Logic, Cognition, Computation and Neuropharm a cology

Proefschrift ter verkrijging van het doctoraat in de

Wijsbegeerte aan de Rijksuniversiteit Groningen op het gezag van de

Rector Magnificus, dr. D.F.J. Bosscher, in het openbaar te verdedigen op donderdag 10 mei 2001 om 14.15 uur door

Alexander Petrus Maria van den Bosch geboren op 26 januari 1970 te Woudenberg

Promotores: Prof. dr. Th.A.F. Kuipers

Prof. dr. R. Vos

Beoordelingscommissie: Prof. dr. E.C.W. Krabbe

Prof. dr. P.G.M. Luiten

Prof. dr. P. Thagard opgedragen aan mijn ouders

The investigations were supported bythe Department of Philosophyof the Groningen

Universityand the Groningen Graduate School for Behavioral and Cognitive Neur o - sciences (BCN). The printing of this thesis is further supported bythe Institute for

Language, Logic and Computation (ILLC).

ISBN 90-5776-062-2

© 2001 byAlexander P.M. van den Bosch. All rights reserved.

Printed and bound by: PrintPartners Ipskamp B.V. Enschede, The Netherlands

This dissertation is also published electronicallyat: www.ub.rug.nl/eldoc/dis/fil/

Contents

Acknowledgements xiii

I Introduction 1

1 Problem 3

1.1 Introduction ................................ ................................ ................................ .... 3

1.2 Goal ................................ ................................ ................................ ................ 3

1.3 Problem ................................ ................................ ................................ .......... 4

1.4 Method ................................ ................................ ................................ ........... 4

1.5 Background ................................ ................................ ................................ .... 5

1.6 Overview ................................ ................................ ................................ ........ 6

2 Rationality 11

2.1 Introduction ................................ ................................ ................................ .. 11

2.2 Philosophy ................................ ................................ ................................ .... 14

2.3 Psychology ................................ ................................ ................................ ... 18

2.4 Interaction ................................ ................................ ................................ ..... 20

2.5 I ntegration ................................ ................................ ................................ .... 25

2.6 Conclusion ................................ ................................ ................................ .... 26

3 Neuropharmacology 29

3.1 Introduction ................................ ................................ ................................ .. 29

3.2 Description ................................ ................................ ................................ ... 30

3.3 Explana tion ................................ ................................ ................................ .. 33

3.4 Prediction ................................ ................................ ................................ ..... 34

3.5 Intervention ................................ ................................ ................................ .. 35

3.6 Conclusion ................................ ................................ ................................ .... 37

II Discovery 39

4 Logic 41

4.1 Introduction ................................ ................................ ................................ .. 41

4.2 Deduction ................................ ................................ ................................ ..... 42

4.3 Induction ................................ ................................ ................................ ....... 46

4.4 Abduction ................................ ................................ ................................ ..... 47

4.5 Formation ................................ ................................ ................................ ..... 51

4.6 Explanation ................................ ................................ ................................ .. 52

4.7 Prediction ................................ ................................ ................................ ..... 54

4.8 Comparison ................................ ................................ ................................ .. 56

4.9 Conclusion ................................ ................................ ................................ .... 57

5 Cognition 59

5.1 Introduction ................................ ................................ ................................ .. 59

5.2 Primaryand secondary ................................ ................................ ................. 60

5.3 Declarations and procedures ................................ ................................ ........ 60

5.4 Structures and processes ................................ ................................ ............... 62

5.5 BACON and PI ................................ ................................ ............................. 65

5.6 Theoryand method ................................ ................................ ....................... 75

5.7 Descriptive and normative ................................ ................................ ........... 78

5.8 Explanation and evaluation ................................ ................................ .......... 82

5.9 Conclusion ................................ ................................ ................................ .... 85

6 Computation 87

6.1 Introduction ................................ ................................ ................................ .. 87

6.2 Turing machines ................................ ................................ ........................... 88

6.3 Kolmogorov complexity ................................ ................................ .............. 89

6.4 Bayesian inference ................................ ................................ ....................... 90

6.5 D escription length ................................ ................................ ........................ 92

6.6 Cognitive models ................................ ................................ ......................... 93

6.7 Computable approximation ................................ ................................ .......... 95

6.8 Best hypothesis ................................ ................................ ............................. 96

6.9 Conclusion ................................ ................................ ................................ .... 97

III Neuropharmacology 99

7 Theory 101

7.1 Introduction ................................ ................................ ................................ 101

7.2 Parkinson´s disease ................................ ................................ .................... 101

7.3 Dopaminergic cells ................................ ................................ ..................... 103

7.4 Basal ganglia ................................ ................................ .............................. 104

7.5 Drug treatments ................................ ................................ .......................... 105

7.6 Conclusion ................................ ................................ ................................ .. 107

8 Practice 109

8.1 Introduction ................................ ................................ ................................ 109

8.2 Investigating new drugs ................................ ................................ .............. 109

8.3 Exploring the basal ganglia ................................ ................................ ........ 111

8.4 Testing the model ................................ ................................ ....................... 116

8.5 Interpreting the data ................................ ................................ .................... 120

8.6 Conclusion ................................ ................................ ................................ .. 122

9 Discovery 123

9.1 Introduction ................................ ................................ ................................ 123

9.2 Models ................................ ................................ ................................ ........ 124

9.3 Theory ................................ ................................ ................................ ........ 129

9.4 Practice ................................ ................................ ................................ ....... 134

9.5 Reasoning ................................ ................................ ................................ ... 147

9.6 Conclusion ................................ ................................ ................................ .. 158

Summary 173

Propositions 175

Samenvatting 177

Stellingen 179

Bibliography 181

Index 187 xiii

Acknowledgements

Parts of the chapters of this thesis are based on papers that where published earlier:

Part I Introduction

Wetenschapsfilosofie. In Hendriks, P., Taatgen , N. & Andringa, T. Breinmakers en breinbrekers, Inleiding Cognitiewetenschap. Amsterdam: Addison Wesley

Longman, Chapter 11, 1997.

Inference to the Best Manipulation - a case studyof qualitative reasoning in ne u - ropharmacy. In Foundations of Science 4 (4). Special issue on Scientific Disco v - eryand Creativity: Case studies and computational approaches. Guest editors: J.

M e heus & T. Nickles. p. 483-495, 1999.

Part II Discovery

Modeling Scientific Discoveryin ACT-R. In J.A. Anderson (Ed.), Third annual

ACT-R Workshop Proceedings, Pittsburgh: Department of Psychology, Carnegie

Mellon University, 1996.

Discovering Patterns bySearching for Simplicity. In R. Valdez-Perez (Eds.), Sy s - tematic Methods of Scientific Discovery. Papers from the 1995 AAAISpring

Symposium (pp. 166-171). Menlo Park, California: The AAAIPress, 1995.

Part III Neuropharmacology

Rational Drug Design as Hypothesis Formation. In P. Weingartner, G. Schurz &

G. Dorn (Ed.), 20th International Wittgenstein Symposium, I(pp. 102-108).

Kirchberg am Wechsel (Aus): The Austrian Ludwig Wittgenstein Society, 1997.

Qualitative Drug Lead Discovery. In J. Meheus (Ed.). Working notes for the Inte r - national Congress on Discoveryand Creativity(pp. 163-165). Ghent: University of Ghent, 1998.

xiv Acknowledgements

Met bijzondere dank aan:

Theo Kuipers voor zijn constructieve en kritische ondersteuning gedurende mijn tocht door de wetenschapsfilosofie; Rein Vos voor het mij op het spoor van de Par k - inson casus brengen; Wia Timmerman voor haar tijd en bijdrage, en het tonen van haar werk in het lab; Ben Westerink voor het mij introduceren in de praktijk van de neurofarmacologie; Erik Krabbe voor zijn opmerkingen en discussie die ik altijd met plezier tegemoet zie; Niels Taatgen voor zijn reisleiderschap van mijn excursie door de ACT-R wereld; Hidde de Jong voor zijn nuttige commentaar op mijn werk; Jeroen van Maanen voor de geduldige uitleg en discussie over Kolmogorov complexiteit; I sincerly thank Paul Thagard for his comments, and Ilook forward to benefit from further discussion; Paul Luiten voor zijn verhelderende commentaar; Esther Stiekema voor de leuke gezamenlijke tijd bij het Filosofisch Instituut; Mark Kas voor de P o - werMacintosh; Hauke de Vries voor het ondersteunen van deze en al mijn andere a f - wijkende hard- en software wensen in zijn netwerk; Knud Boucher voor het altijd paraat hebben van een origineel perspectief; Marco Hollenberg voor zijn morele steun en vriendschap; mijn ouders voor het hebben van meer geloof in mij dan ik zelf ooit zal hebben; Perrin en Myrthe voor hun onvoorwaardelijk dagelijks plezier in het leven; en te n slotte Petra voor haar ondersteuning op alle fronten en alle momenten.

Dan k jullie wel.

Arnhem

March, 2001. Alexander van den Bosch

1

Part I Introduction

What is the rational use of theoryand experiment in the process of scientific discovery, in theoryand in practice? In this thesis Iaddress this problem in three parts. Istart with a general introduction (part I). Then Idiscuss three different theoretical models of the process of scientific discovery (part II). I finish this thesis with a discussion of a case studyand model of discoveryin the practice of neuropharmacology (part III).

In this first part Iprovide an introduction and overview of this thesis. Istart with a specification of the problem (Chapter 1). Then as an introduction to part two Idiscuss some issues and views in the studyof scientific rationality

(Chapter 2). Ifinish this part with an introduction and overview of discovery in neuropharmacology (Chapter 3).

3

Chapter 1

Problem

1.1 Introduction

In this chapter Iintroduce the research problems about rationalityin the process of scientific discoverythat Ifaced in the years during myPh.D. project and that are addressed in this thesis. To understand these subjects Istudied different disciplines such as philosophyof science, cognitive psychologyand artificial intelligence. An impo r - tant problem for those disciplines is to understand what it means to be rational in the use and development of knowledge about the world.

It turns out that it is difficult to understand how we use common sense knowledge in everydayproblems. Iimagined that it would be less difficult to understand how scientific knowledge is used and developed. Common sense knowledge is almost by definition implicit, and therefore hard to understand. So, myidea was: whynot co n - centrate on analyzing rationalityin knowledge development that is supposed to be explicit, i.e. science?

So, Iinvestigated different theories about rationalityin discoveryand the practice of discoveryin neuropharmacologyas a case study. This thesis presents the results of that investigation. Ihad to learn that while the product of scientific discoveryis made explicit, the process of reasoning in the practice of discoveryis often as implicit as common sense reasoning. So, Iset myself the task to make it explicit, to understand rationa l ityin discovery.

1.2 Goal

The specific goal of this thesis is to understand rationalityin scientific discovery.

Discoveryis the act or process of making something known. Some scientific disco v - eries are made byaccident, as a result of serendipity. But a goal of science is to make new discoveries bymaking use of theories and experiments to make things known.

Theories are elaborate hypothetical assumptions, and experiments involve making specific observations of, and interventions in, natural phenomena. So, the method of scientific discoveryis to make something known about the world with the use of th e - oryand exper i ment.

To describe and understand the rationalityin the process of scientific discoveryI delve into the question of how acts in that process are suggested byreason. If an act is suggested byreason then there are arguments for doing something in that particular way, to achieve a particular goal. In sum, to understand rationalityin scientific di s - coveryIneed to ask what it means to rationallyuse theoryand experiment in the pr o - cess of discoveryin science.

1.3 Problem

To understand rationalityin scientific discoveryIanalyzed different theories about the rational use of theoryand experiment in science, and the practice of drug research for Parkinson´s disease as a case study. An answer to the following specific problem is pursued:

Problem What is the rational use of theoryand experiment in the process of scie n - tific discovery, in theoryand in the practice of drug research for Parki n son´s disease?

An answer to this problem should provide an answer to the following specific que s - tions about empirical science in general and neuropharmacologyin partic u lar:

Question 1 What is the structure of a scientific theory? Generallythis question treats properties of scientific laws, theories and concepts. Iwill pursue this question in general and particularlyfor the dopamine theoryof Parkinson´s disease and related biological theories and co n cepts.

Question 2 What is the process of scientific reasoning? Traditionally, this que s - tion is about inference in the explanation and prediction of phenomena. Iwill also treat reasoning in the fo r mation and revision of hypotheses.

Question 3 What is the route between theoryand experiment? This question is relevant for understanding discoveryin empirical science in general and drug r e - search in particular. Not onlydo Iinvestigate how the results of experiments infl u - ence theory, but also how theoryand known (drug) interventions direct the sugge s - tion for exper i ments.

1.4 Method

To pursue the problem of this thesis Iundertook the follo w ing tasks:

· A surveyof contributions to the studyof scientific rationality(Chapter 2)

· A conceptual studyof models of discoveryin science as proposed in studies of logic, cogn i tion and computation (Chapters 4, 5, 6)

1.5. Background 5

· A review of the literature on the brain dopamine theoryof Parkinson´s disease

(Chapter 7).

· A case studyof the practice of experimental drug and brain research at the Pha r - macyD e partment of the Groningen University(Chapter 8)

· Modeling the dopamine theoryand the studied practice of discovery(Chapter 9)

· Summarizing the results of the case studyof neuropharmacology(Chapter 3)

1.5 Background

The structure of theories and processes of scientific reasoning are investigated no r - mativelyin logic and artificial intelligence, and descriptivelyin cognitive psycho l - ogy. In studies of logic scientific reasoning is mainlyexplicated as valid deduction of consequences. Studies of both artificial intelligence and cognitive psychologyunde r - stand the process of scientific discoveryas a kind of human problem solving. In that view it is held that human beings can solve scientific problems because theycan

(learn to) manipulate symbols.

The work of Newell and Simon (1972) sees the process of problem solving esse n - tiallyas a search process, based on the manipulation of symbols. Theydefend the idea that for a problem it is possible to define a space of possible solutions that can be searched. This search is done byheuristic rules that, given the problem (the start condition), test whether the solution (goal condition) is being approached, and adjust the search a c cordingly.

In both artificial intelligence and cognitive psychologythis process is investigated and modeled computationally. In order to do so it is necessarythat the structure of the problem and the required knowledge is made explicit in a symbolic representation.

Based on that representation, heuristic search rules must be able to effectivelytest if the goal state is being approached and if it is rational to pursue a particular direction of search.

John Anderson (1993) proposed a unified theoryof learning and problem solving to explain rational behavior. This theorycontains assumptions about the nature of explicit symbolic processes of reasoning, together with assumptions about implicit statistical pro c esses of learning.

In another discipline, that of machine learning, one approach takes effective learning as searching the shortest computer program that can describe and predict patterns in observations (Li & Vitanyi , 1994).

In the third part of this thesis Ishall investigate how the rational use of theoryand experiment in drug research can be seen in terms of the role a theoryplays in direc t - ing the search for an experimental drug intervention. A theorycan be seen as a co n - straint in the search space of conceptuallypossible interventions. The main goal of drug research is to find an intervention that satisfies given conditions best. Testing a theoreticallysuggested intervention experimentallycan either lead to a new drug or a new theory.

To compare theories about discovery, as set out in Part II, to scientific practice I will analyze the structure of problems in neuropharmacologyin Part III, modeling the process of reasoning in rational search tasks with different kinds of goals.

The discussed models of problems in neuropharmacologywill be based on the work of Benjamin Kuipers , Peter Karp , Theo Kuipers and Rein Vos . Benjamin

Kuipers (1994) investigated how to represent qualitative knowledge about dynamical systems as qualitative differential equations, and how to reason with them correctly.

Peter Karp (1992) made a computational analysis of the structure of molecular bi o - logical knowledge and the process of hypothesis formation in biological research.

Theo Kuipers (2000) investigates logical structures and heuristic patterns in scientific research and Rein Vos (1991) investigates the logic of development in drug research.

Theyexplicated the development of drugs theoreticallyas a systematic attempt to bring together the properties of available materials and wishes for functional prope r - ties. In discussing neuropharmacologyIwill describe how biological theorycan be used to infer those desired properties, to infer the best interve n tion.

1.6 Overview

This section gives a short overview of the subjects and problems that are discussed and the particular questions that are answered in the other chapters of this th e sis.

Part I Introduction

The general problem of this thesis is: what is the rational use of theoryand exper i - ment in the process of scientific discovery, in theoryand in practice? Part Idiscusses:

issues in the studyof rationality(Chapter 2), as an introduction to Part II; and my case studyof neuropharmacology(Cha p ter 3), as an introduction to Part III.

Chapter 2 Rationality

This chapter provides an introduction to the discussion of discoveryin Part IIof this thesis. In that part Idelve into ideas from cognitive psychologyto look at issues about rationalityin science that are traditionallypart of the problems of the philos o - phyof science. The particular question that is answered in this chapter is: how can cognitive psychologycontribute to the discussion about the rationalityof science in the philos o phyof science?

Iargue that ideas from cognitive psychologyin general can make a sensible co n - tribution to debates about the rationalityof science in philosophy. Imake this point clear byexplicating some relations between assumptions in cognitive psychologyand issues in the philosophyof sc i ence.

Chapter 3 Neuropharmacology

This chapter is an introduction to mycase studyof neuropharmacologyin Part IIIof this thesis. The particular question that is answered is: what is the rational use of th e - oryand experiment in neuropharmacology?

This question is answered more extensivelyin Part III. Iargue how the rational use of neurophysiological models can be modeled as goal directed reasoning about qualitative differential equations. To understand reasoning in neuropharmacologyI distinguish inference to the best intervention from inference to the best explanation. I further brieflydiscuss how qualitative reasoning about neurophysiological models as part of a computer supported discoverysystem could aid in using, understanding, and testing models about large biological sy s tems.

Part II Discovery

The specific problem of Part II(Discovery) is: what is the rational use of theoryand experiment in the process of scientific discovery, in theory? This part discusses mo d - els of scientific discoveryaccording to studies of: logic (Chapter 4); cognition

(Chapter 5); and computation (Chapter 6).

Chapter 4 Logic

What is rationalityin discovery, according to the studyof logic? Traditional philos o - phers of science are usuallyinterested in what scientific discoveryought to be, and how reasoning in that process can be valid or justified. Idiscuss how rationalityin discoveryis logicallyunderstood as valid reasoning, part of a circular process of o b - serving, describing, explaining, predicting and intervening in natural phenomena. The particular questions that are answered in this chapter are: what is a scientific theory and what is scientific reasoning, according to the studyof logic?

To address these questions Idiscuss an illustrative example of an explanation that contains a series of inferences that can be marked as fallacies from the viewpoint of logic. Yet, Iargue that these inferences are common in science and part of abductive inference as defined byC.S. Peirce . Ifurther make a categorical distinction between semantic abduction and material abduction. Iargue how material abduction, together with other types of inductive inference, constitutes a part of semantic abduction. I conclude byanswering the three specific questions (from section 1.3) of this thesis, from a logical point of view.

Chapter 5 Cognition

What is rationalityin discovery, according to the psychological studyof cognition? In cognitive psychology, rationalityin scientific discoveryis being studied as an inte r - esting cognitive phenomenon, to be studied empirically. ACT-R is the name of a un i - fied computational theoryof cognition that aims to explain the data from studies of cognition. The particular question that is answered in this chapter is: how to unde r - stand and model scientific discoverywith ACT-R?

Ishow and argue how the ACT-R model can learn byanalogythe processes of two other cognitive models of discovery, called BACON and PI. Ifurther discuss the nature of theoryand method in the different cognitive models, and the difference between the logical and psychological views on explanation and prediction. Idiscuss how human performance on the Wason card selection task (an often performed ps y - chological experiment where subjects test a hypothesis) seems irrational from a log i - cal point of view. Ipropose a statistical model that can demonstrate the opposite. I conclude byanswering the three specific questions of this thesis, according to the psychological studyof cogn i tion.

Chapter 6 Computation

Both the logical and the cognitive models of scientific discoveryIdiscussed in the former chapters include a condition to prefer simple explanations. Yet these models do not show whyit is rational to prefer simplicity. In Chapter 5 Idiscussed how the

ACT-R model of cognition prefers simplicityas a consequence of a mechanism that prefers high probability. In this chapter Iinvestigate the relation between probability and simplicityin the computational description, explanation and prediction of e m - pirical data. The particular questions that are answered in this chapter are: how can simplicitymost generallybe defined and whyshould a simpler theorybe prefered above a more complex one?

Idiscuss how the Minimum Description Length principle subsumes other defin i - tions of simplicityand how the simplicityof a hypothesis can be related to the pro b - abilityof its predictions. Iconclude byanswering the three specific questions of this thesis, according to the studyof computation.

Part III Neuropharmacology

The specific problem of Part IIIis: what is the rational use of theoryand experiment in the process of scientific discovery, in practice? This part discusses and models my case studyof drug research for Parkinson´s disease, i.e. Iinvestigate: how Parki n - son´s disease and the effect of known drugs are explained bythe dopamine theory

(Chapter 7); the use of theoryand experiments in a practice (Chapter 8); and a co m - putational model of both the dopamine theoryand the studied practice of discovery

(Chapter 9)

Chapter 7 Theory

How are theoryand experiments used in the practice of drug research for Parkinson´s disease? To be able to address this problem Ifirst surveythe literature on the dop a - mine theoryof Parkinson´s disease. The particular question that is answered in this chapter is: how are Parkinson´s disease and the effect of known drugs explained by theory?

Ifirst provide a general introduction to Parkinson´s disease. Ithen go into the b a - sics of the dopaminergic nerve cell and the basal ganglia, which is the neural stru c - ture in the brain that partlycontrols voluntarymovement, and how a defect in it causes Parkinsonian symptoms. Iend this surveywith a short overview and explan a - tion of a selection of therapeutic drug inte r ventions for Parkinson´s disease.

Chapter 8 Practice

How are theoryand experiment used in the practice of drug research for Parkinson´s disease? In this chapter Ireport on myinterviews with researchers at the Pharmacy

Department of the Groningen University. These interviews where partlyconducted while witnessing their work in the laboratory.

Several techniques are being used to search for new drugs and explore the activity of the basal ganglia. The particular questions that are answered in this chapter i n - clude: how are new drugs investigated and how are experiments being used to e x - plore and test both new drugs and assumptions about the mech a nisms of the brain?

Chapter 9 Discovery

In this final chapter Iaim to explicate rationalityin the process of discoveryin neur o - pharmacologybydescribing both the theoryand the studied practice, using the co n - cepts from mytheoretical discussion of discoveryin Part II. The particular question that is answered in this chapter is: what is rationalityin discoveryin the case of ne u - ropharmacology? First Idiscuss the use of models to describe theories about dynam i - cal systems. Next Idescribe the structure of the dopamine theoryof Parkinson´s di s - ease based on those models. Byanalyzing the reports about the practice of neur o - pharmacologyIexplicate a number of different routes between theoryand exper i - ment. Icontinue with a discussion of computational models of reasoning and disco v - eryin biology. Iconclude this chapter bysummarizing myanswers to the three sp e - cific questions of this thesis in the case of neuropharmacology. Ithen conclude this thesis byarguing that an answer to these questions can contribute to understanding rationalityin discovery, as well as contribute to the process of scientific discovery itself.

*

11

Chapter 2

Rationality

2.1 Introduction

What is the rational use of theoryand experiment in scientific discovery, in theory?

In pursuing an answer to this problem in this thesis Iuse ideas from cognitive ps y - chologyto look at issues about the rationalityof science that are traditionallypart of the problems of the philosophyof science. As an introduction to that approach Iwill argue in this chapter how ideas from cognitive psychologycan make a sensible co n - tribution to debates about rationalityin philosophyof science. Iwill make this point clear byexplicating some relations between assumptions in cognitive psychologyand issues in the philosophyof science. Hence, the particular question in this chapter is:

how can cognitive psychologycontribute to the discussion about the rationalityof science in the philosophyof science? As an introduction to this chapter Ifirst want to tell a parable about an intrig u ing family.

Prelude

This tale begins in the seventeenth century, in the days of the first great achievements of an ambitious young child of Mother Philosophy. In his time this aspiring infant developed a successful new style of understanding the world bytampering with it. He and his familybecame known as Experimental Philosophy.

Eventuallyhe left the skirts of proud Mother Philosophyas an independent ad o - lescent named Science. He set out to find answers to millennia old questions of the

Philosophyfamilyin a waythat proved successful: with the method of empirical e x - periment and with the aid of the rigidityof his other parent, Father Mathematics. Sc i - ence had an older brother who was fascinated byhis younger brother´s doings. When

Science left Mother Philosophyhis older brother stayed safelywith his mother. T o - daythe familyof this son is called: Philosophyof Science.

At the end of the nineteenth centuryMother Philosophygave birth to a startling bright son from Father Mathematics. He was nurtured and raised byhis brothers

Philosophyof Mind and Philosophyof Language. With a few growing pains it reached maturityveryquickly. The career of this son looked reallypromising. He b e - got the name Modern Logic. The Philosophyof Science familywas veryimpressed bythe capacityof this new sibling. EspeciallyPositivism, a relatively young member of the Philosophyof Sc i ence family, was delighted.

At a certain moment in the beginning of the twentieth century, Positivism with the aid of Modern Logic declared it was time to completelybreak with one of Mother

Philosophý s traditions. He thought that his admired brother Science had proved that the ideas of Mother Philosophythat where not empirical were irrelevant for answe r - ing Science´s questions. All questions worth considering should be questions only

Science could answer. And all theories of Science should be certain. Positivism would tryto achieve this through the interpretation of the language of Science with the tools of his brilliant young brother Modern Logic. No wonder, he became known as Logical Positivism.

First this offspring of Philosophyof Science was warmlywelcomed and embraced byold brother Science. It looked as if he opened up the possibilitythat the activities of Science would finallyprovide certainty, without being bothered bythe problems and questions of Mother Philosophythat could not be solved empirically. Determined

Logical Positivism would give Science a totallyempirical and mathematical guid e - line and justification for his actions, in the true spirit of Science himself.

Yet the claims of Logical Positivism did not last verylong without reaction of his brothers. Rationalism, another smart protégé of Philosophyof Science, showed, also with the help of his brother Modern Logic, that Logical Positivism´s method of just i - fication of the actions of Science was logicallyincorrect and he replaced it with an alternative. With this other method of Modern Logic as his standard he enforced the claims of the familyof Realism, another son of Philosophyof Science. Logical Pos i - tivism felt defeated and eventuallyretreated from his too optimistic ideas.

Meanwhile, Science himself did not leave it with that. He took the discussion to his own domain to studythe problems further. Science set out to empiricallyinvest i - gate his own activities and successes, those of that dayand those of the glorious past.

Byempiricallystudying their own behavior, a member of the familyof Science, S o - cial Science, examined how the Sciences had actuallybehaved and tried to find out whytheyhad done it in that way.

An astonishing conclusion seemed that a fullyrational justification and explan a - tion of Science´s action and success seemed not possible. It appeared that beliefs of the members of the Science familywere not rationallydetermined but socially. It seemed to have nothing to do with truth, the hallmark of Mother Philosophyas well as that of old Science. But, ironicallyenough, the truth of that conclusion implied that that conclusion could not be justified as true either. This was honeyfor the taste of a black sheep of the Philosophyof Science family: Relativism. According to him truth was impossible to achieve byPhilos o phyas well as byScience.

But the noble children of Philosophyof Science soon recovered from the apparent blow dealt to them bythis relativistic conclusion. Theyput forward competing the o - ries of rational justification of the activityof Science and tried to live up to Science´s empirical standards.

Realism refined his ideas and, with the help of Modern Logic, delivered a rational justification of the data of Social Science, interpreted as steps toward the truth.

Pragmatism, another member of the Philosophyof Science family, sought a wayin the middle. He put forward a justification of the behavior of Science as rational, with not truth but just the solving of problems as his goal.

Looking in perspective to the quarrel among the Philosophyof Science family about the career of their successful brother Science we see so far the following: Log i -

2.1. Introduction 13 cal Positivism tried to provide a justification of the results of Science´s activities with the help of the formal language of Modern Logic, in which the Science familycould represent their theories rigidly. Realism agitated against this byrejecting Logical

Positivism´s ideas about method and justification and put forward another method and wayof justification, based also on Modern Logic, in its place. With the help of an empirical investigation of Science, Relativism reacted to Realism byshowing that

Science did not and never had acted according to Realism´s rational method based on

Modern Logic. From this it would follow that the doings of Science could not be e x - plained rationallyin this way. Realism refined his rational theoryof justification showing that it could fit in with Science´s empirical data. Next to that, Pragmatism developed another justification of Science´s deeds bycharacterizing rationalityas practical problem solving instead of looking for truth.

In the meantime, before Social Science studied the behavior of the members of his familyas a group, other members of the Science familyhad not relinquished their attention to the subjects of behavior and rationality. Illuminated bythe views of

Logical Positivism, Behaviorism, a pretentious newborn of Science, studied behavior according to Positivism´s methods and tried to keep rationalityout of his theories.

But Behaviorism disappeared to the back stage shortlyafter the rationalistic defeat of

Logical Positivism. In his place came Cognitive Psychology, a new protégé of Sc i - ence, who set out to explain behavior as a result of rationality. He did this with the help of new developments of Modern Logic and with the use of empirical methods.

This ambitious child of Modern Logic and Science gave rise to a new style of thought for Philosophyof Mind. His familygot the name Cognitive Science.

Until fairlyrecentlythe development of the familyof Cognitive Science is looked at byPhilosophyof Science as mainlyanother Science to be considered true, relative, practical or just nonsense according to some style of justification. Yet, Cognitive Sc i - ence had the ambition of explaining the whole notion of belief and reasoning byhis empirical examination of thought, rationality, the brain and behavior. Among other studies he did so bythe exploration of Science´s presumed mental processes during the process of discovery. He got precious help from Uncle Technologytogether with the ideas of the daughters and sons of noble Modern Logic and Science: Computer

Science. TodayCognitive Science is supported with its work bya great part of the

Sc i ence family.

Inow come close to the moral of this introductorystory. When we return to the entanglements of the Philosophyof Science familywe noticed that at one point the relation between todaý s Science and Philosophyof Science turned around. Scientific results justified the claims of a Philosophyof Science instead of, in the traditional way, the other wayaround.

So, Iask: whyshouldn´t Cognitive Science contribute to Philosophyof Science´s familydiscussions about rationality, realityand truth just as well as Social Science does? For the familyof Science as well as for the familyof Philosophyof Science it is probablyinsightful and productive if both directions are explored, possiblyto r e - sult in a better relationship of understanding b e tween the families�

Overview

In this chapter Idiscuss how ideas from cognitive psychologycould be relevant in the domain of philosophyof science and where theywould clash. After that Ilook the other wayaround, showing that cognitive psychologyaddresses topics relevant for philosophyof science that are usuallynot addressed in the mainstream.

In Section 2.2 Isketch some main issues in the philosophyof science, brieflyr e - hearsing the ideas of several philosophers who made influential contributions to the field: Carnap , Popper , Kuhn , Lakatos , Laudan and Hacking , followed, in Section 2.3 byJerryFodor ´s thesis about the language of thought, a paradigmatic theoryin co g - nitive sc i ence.

Then, in Section 2.4 Iwill consider the appropriateness and possibilityof a contr i - bution from the viewpoint of Fodor ´s cognitive psychologyto the issues of rational justification, theorydevelopment, representation and the explanation of behavior. I will argue that if Fodor ´s thesis is accepted, no relevant form of relativism is tenable.

His thesis provides a rich framework for considering theories about reasoning in a scientific context.

Following that, in Section 2.5, Ishall argue that cognitive psychologycan do more than that. It also makes possible a theoryabout discoveryand it shows a relation with discoveryas problem solving and the justification of theories. As a result of that, I will argue that the framework of cognitive psychologyis rich enough to provide an adequate explanation of the development of scientific theories. In Section 2.6 Ico n - clude this chapter with an evaluation of this chapter´s claim, that accepting a theory about science is accepting a theoryabout the mind and vice versa.

2.2 Philosophy

There are manyways to look at science from a philosophical stance. There are prob a - blyjust as manyways to describe existing philosophies of science. For that reason, as a guideline for this section Iuse the ideas of some of the important contributors to the field that is called philosophyof science. Ifollow four general issues in the work of these philosophers: theories about the justification of theories; the development of theories; what theories represent; and finallythe actual practice of scientists. This line of description probablydoes not do complete justice to the initial intentions of these philosophers but is still useful for a short overview in the light of the goal of this chapter.

Carnap

After the sudden flourishing of theories in logic at the end of the last century, ph i - losophyof science became focused on theories about language. Fast developments in logic provided formal languages with the aim to interpret propositions nonambiguously. If it would be possible to interpret all theories of science in a formal language then the meaning of those theories would be reduced to the relation of the formal language and the world. This assumption gave rise logical positivism.

The main question became: what should or does language represent? Rudolf Ca r - nap (Carnap, 1967) defended the following idea: all that a scientific theoryshould represent were terms and propositions whereof the truth could be confirmed in rea l - ity. The meaning of a proposition should be its wayof verific a tion.

Theorydevelopment should be a process of putting theories forward and co n - firming them. When universal statements were constantlyconfirmed theywere just i - fied byinduction: justification of the general bythe special. All scientific questions should be answered in this wayto have anymeaning at all. Questions which could onlyhave answers that could not be confirmed should be dispelled from the domain of science. Theoretical terms of theories should be translatable into observational terms to be allowed in a scientific theory. Causes, unobservable entities, untestable hypotheses were all considered to belong to metaphysics and should have no place in a decent philos o phyof science.

Popper

A philosopher who agitated most stronglyagainst the logical positivism of Rudolf

Carnap was Karl Popper . In his famous book `The Logic of Scientific Discoverý

(Popper , 1959, first published as `Logic der Forschung´ in 1934), he reacted with a logical critique against Carnap ´s ideas about representation, theorydevelopment and justification. He argued that confirmation as justification of universal statements is not tenable. A theorycould be confirmed manytimes and still be false. For a theory to have anyvalue it should be poss i ble to refute it deductively.

Popper defended this notion as a wayto demarcate true science from pseud o - science: a rational criterion of demarcation. The more sorts of experiment a theory allows to test it with, the more empirical content it has. The more falsifying tests it survives the more it is corroborated. A theorycan never be accepted as true but only be found false as one accepts a refuting singular statement or otherwise be highlyco r - roborated as one has come to accept manysingular statements that su p port it.

The method of doing science should be to put theories forward and then to tryto falsifythem. When a theoryis falsified it should not be repaired with ad hoc hypoth e - ses. Onlyin this way, which became known as critical rationalism, could science produce justified knowledge about the world.

Just as the logical positivists, Popper thought that the discoveryof theories was not a matter of logic. For understanding the logic of science it did not matter how a theoryor law was discovered. That should be the concern of psychology. It did matter whether a theorycould be tested and evaluated. That was purelya matter of logic, certainlynot of psychology.

The onlylogic to discoveryis that it can be validlydiscovered that a theoryis false if a prediction of that theoryis found to be false. So Popper ´s book could just as well been titled `The Logic of Scientific Evaluation´ because as far as Popper is concerned in his book, there is no logic of scientific discovery.

Kuhn

Thomas Kuhn looks at science from another perspective (Kuhn , 1970). Instead of thinking about what scientific theories should look like and how theyshould be d e - veloped, he empiricallyand historicallyinvestigated what the actual practice of Sc i - ence did look like and had looked like.

What became clear to Kuhn was that scientists do not throw awaytheir theories when theyencounter a refuting counterinstance. Theystick to them as long as poss i - ble. He noticed that science knows periods of normal science, in which puzzles are solved within the borders of a theoretical paradigm, next to periods of revolution.

During a revolution the old theoretical paradigm is substituted bya new paradigm with different theoretical presum p tions.

These historical and sociological facts looked nothing like Popper ´s storyabout the rational criticism of falsification. Most theories are born refuted and nevertheless function as the theoretical assumptions within paradigms. And when a new paradigm is accepted it looks as if there is no rational ground for it that has anything to do with the truth of the theories in the paradigms. So, real scientific practice seemed nothing like a rational affair in Popper ´s sense.

According to this fact it was argued that the meaning of the terms of a theory changed radicallyeven if the same names were used in the new paradigm. That made

`truth´ relative to a paradigm, what implied that there is no progress in science but merelysuccession. For, how can a paradigm sayanything truthfullyabout the world when it is a matter of time for it to be rejected and succeeded bya radicallynew one?

So in sum, from empirical research in sociologyand historical analysis of scie n - tific development it follows that if `truth´ is regarded as a feature of a theorywhich is not falsified, and `scientific rationalitý amounts to rejecting a theoryas soon as a fa l - sification occurs, then science has nothing to do with truth and scientific practice has nothing to do with rationality. It was thought that beliefs are sociallydetermined, not rationally, dependent on scientists´ authorityand social influences.

Lakatos

Imre Lakatos was stronglyopposed to this irrational and relativistic picture of science

( Lakatos , 1978). He built on Popper ´s ideas trying to show that theycould be made consistent with the empirical data of the historical and social studies. He elucidated the activityof science not as the project of trying to refute one theorybut as invest i - gating empirical phenomena within the the o retical frame of a research program.

A research program consists of a theoretical core which is protected bya belt of auxiliaryhypotheses. When a seeminglyrefuting instance is encountered an auxiliary hypothesis should be reconsidered, not the theoretical hard core of the research pr o - gram. So in this wayit can be explained whya theorydoes not get abandoned after falsification: one diverts the falsification to a protective auxiliaryhypothesis. A revolution is explained as a change in the theoretical hard core.

What makes Lakatos ´ research programs reallydifferent from Kuhn ´s paradigms is that there is a rational wayof determining when to give up on a particular theory.

Lakatos evaluates progression in theorydevelopment on the basis of the increase of empirical content. The empirical content of a theorycontains the possible models of a domain that are excluded bythat theory: the higher the content, the more tests are possible to refute the theory. When a theorystops incorporating new facts, the pr o - gram can be considered as degenerating. It then can be abandoned for anytheorythat does succeed in explaining those facts. So with this account it is possible to defend a notion of truth next to a rational justification of scientific the o ries and practice.

Laudan

In contrast to Lakatos ´ realism and research programs stands Larry Laudan ´s pra g - matism and notion of research traditions ( Laudan , 1978). A relevant difference with

Lakatos ´ research programs is that, not the empirical content but a research trad i - tion´s abilityto solve problems is central for the tradition´s pr o gress.

A theoryis not considered as good at solving problems when it is progressive but the other wayaround: it is progressive when it is good at solving problems. Those problems range from logical inconsistencies and empirical problems to conceptual differences in the worldviews of scientists.

The rational choice between two theories in this wayis for the theorywhich solves most problems. A notion of truth is not considered as relevant to judge scientific a c - tivityas rational. In this wayscientific theories, and especiallyterms about nonobservable entities within them, do not have to sayanything about realityat all to be successful.

Hacking

Ian Hacking takes a different approach in the debate about truth (Hacking , 1983). He emphasizes the relevance of the practice of experiments in science. He argues that the philosophyof science is too much concerned with theory.

He accepts the realityof some theoretical entities but without accepting that a th e - orythat explains a phenomenon must be true. You could establish the existence of, for example, electrons bydoing intervening experiments, which result should be seen apart from the question whether the theoryyou test about electrons says anything true about reality. But from a rationalist viewpoint you can see the abilityof intervention as just a disguised form of rational justification: accept a theoretical entitywhen it explains ph e nomena during intervening experiments.

Summary

You could frame the above theories about science as consisting of an opinion about:

the behavior of scientists, their organization and their acts of adhering to or working on the basis of some scientific theory; what a theoryrepresents, in other words its r e - lation with reality; how a theorydevelops; and finally, how a theoryis justified. So I can give the following summary.

In Carnap ´s view, a theoryabout science is first of all a theoryabout represent a - tion. All possible theories of science should exist of terms which refer to the obser v - able world. Theories that are repeatedlyconfirmed are justified byinduction. For

Popper not all terms of a theoryhave to be observational. A theorythat explains a phenomenon must be falsifiable through an experimental result that is implied bythe theory. You can justifya theoryrationallyif it is not (yet) falsified. Kuhn stresses the presence of paradigms and revolutionarychanges in science, implying that a theory never represents anything truthfullyabout the world that can be defended byPopper ´s critical rationalism. Lakatos tries to save truth byseeing theorydevelopment as r e - search programs with an inviolable theoretical core that is protected bya belt of au x - iliaryhypotheses. A research program can rationallybe abandoned when it stops e x - plaining new facts while another research program can. Laudan ´s research traditions are considered progressive when theysolve manyand new problems, which is their goal and not the pursuit of truth. Finally, Hacking sees the truth of theories as a que s - tion other then that of the existence of theoretical entities, the latter can be esta b - lished byexplaining phenomena during intervening experiments bytheir most likely cause.

What all philosophers in this tradition have in common is that theydo not attempt a further clarification of the role of processes of the mind of persons involved in sc i - ence. Popper rejects psychologism, yet a form of psychologism that is based on ps y - chological behaviorism. Kuhn embraces a psychologythat implies multi-rationality but does not explain how it does so. Lakatos argues about whyand when psychology could or should not interfere with the explanation of science, but he judges rationality irrelevant for it. For Laudan , science is problem solving. But he does not tell how that process comes about. Hacking also does not address the role of the mind in science

(at least, not in the literature Ireviewed).

In the following section Iwill explicate a general idea about cognitive psychology of JerryFodor´s . It provides a framework for explaining and empiricallyinvestigating rationalityin cognitive process. In Sections 2.4 and 2.5, the relevance of such a framework for the above ideas about science will be di s cussed.

2.3 Psychology

In this section Idescribe the general frame of assumptions Fodor ´s about cognitive psychologywhich is representative of the symbolic approaches in cognitive science.

Fodor is a philosopher who contemplated that fundamental assumptions of cognitive psychology. In chapter 5 Iwill discuss work of the psychologist John Anderson, who aims to provide explanations for empirical data from ps y chological experiments.

One could characterize the program of cognitive psychologyas looking for an e x - planation of intentional human behavior. The program grew out of the failure of b e - haviorism to explain the total scope of behavior, humans as well as animals, as a function of the environment. Cognitive psychologypostulated again beliefs and d e - sires in the organism in order to explain behavior that was judged intentional. The notions of logic and computation became recognized as a new wayto accurately studylanguage and thought. The mind of human beings was to be understood as a symbol manipulation system that governed all aspects that had made humans r a - tional. Empirical data about complex behavior, thought and language could all be e x - plained as the result of a process of symbolic computation that somehow should take place within the brain. .

What is now generallyassumed in the program of cognitive science, is that cogn i - tive processes of higher organisms should be seen as computational. Cognitive (or, as it is also called: computational) psychologymade it possible to studylanguage and the processes of thought with mathematical precision.

First of all, cognitive psychologyis a research program to explain intentional b e - havior. Behavior patterns are explained as directed to a certain goal, governed by propositional attitudes: beliefs and desires. An action is caused bya desire to reach a goal together with a belief of the organism that the goal could be reached byprodu c - ing that action, the relation between attitudes and action being rational and inte n - tional. One thought of these relations as being matched byunconscious comput a - tional relations between sy m bols in the mind/brain.

2.3. Psychology 19

In this light the process of reasoning could be looked upon ˘ and empirically studied ˘ as a process of problem solving: searching through a space of possible s o - lutions. It turned out that this search process could be successfullyanalyzed as a s e - ries of computational operations on the organism´s beliefs, resulting in a process of accepting and rejecting different b e liefs.

Fodor

In 1975, JerryFodor ´s book `The Language of Thought´ (Fodor , 1975) marked a b a - sis for the research program of cognitive psychology. The main idea was that the pr o - cesses of the mind should be seen as computational processes. However, computation presupposes a representational system. A controversial thesis of Fodor claimed that everyhuman being is born with a representational system that is basicallythe same for everyhuman being. This system should be seen as a descriptive language. Within this representational system computational operations preserve properties of beliefs such as truth and re f erence.

Fodor put forward three empirical arguments to support this claim. The first pointed out that there is a semantic parallel between thoughts and sentences. The meaning of words can be compared with the meaning of mental concepts and se n - tences can be compared with thoughts. The second argument stressed the syntactic parallel between language and thought. Thoughts as well as sentences are productive and systematic. There are indefinitelymanyand complex types of possible sentences based on a lexicon and a syntax. The same holts for thought with a conceptual lex i - con and mental rules.

The third and most important argument is the processing argument. Fodor argued that the learning of concepts is onlyconceivable as a process of inductive extrapol a - tion: the formation and confirmation of hypotheses. So the learner must have a repr e - sentational system that is capable of expressing the hypothesis before learning. And once concepts are learned the representational system is needed to consider and judge possibilities when it comes to a rational choice. Fodor further argues that perception is onlypossible if several hypotheses are considered to identifywhat is seen, because recognition of objects in the world is underdetermined bythe raw data received by the senses.

These arguments led Fodor to the controversial conclusion that the onlyconcei v - able wayof learning and using language was byalreadyhaving some representational system or knowing some language: the language of thought. Byfurther analysis of linguistic and psychological data, Fodor tried to show that the language of thought is at least as rich as anynatural language. That implied that seeminglyall basic concepts are hardwired in the brain. During youth we would learn to translate them into a cu l - turallyinduced natural language. So, bystudying language and its use empirically, we could find out the structure and operations of the language of thought.

Summary

To summarize Fodor ´s thesis: a part of human behavior is considered as intentional.

Cognitive psychologyprovides an explanation of intentional behavior as governed by propositional attitudes, i.e. beliefs and desires. Part of the beliefs are reached bythe process of reasoning. Reasoning is explained as a computational process in a repr e - sentational system. All human beings are born with the same basic representational system: the language of thought. Learning is a process of forming hypotheses and confirmation within that representational system. Rationalityin thinking and beha v - ior can be seen as problem solving: a heuristicallyguided search through a space of po s sible solutions.

Today, in cognitive science, Fodor ´s overall thesis is criticized as well as che r - ished. While knowing that Fodor ´s ideas are open to and under criticism that Ihave not mentioned, Istill think that theyshow that theories in cognitive science have i m - plications for theories in the philosophyof science. In the succeeding section Iwill show that the framework of cognitive psychologyis rich enough to incorporate issues of philosophyof science, as set out in section 2.2. In section 2.5, Iwill argue that the framework is even richer.

2.4 Interaction

In section 2.2, Iinterpreted the theories of some important philosophers of science as being primarilyconcerned with justification of scientific theories and activities. In later discussions in philosophyof science the actual practice and behavior of scie n - tists is considered as well. It is sociologicallyand historicallystudied what theories were accepted and developed and for what reasons. This empirical work resulted in data that were not consistent with the earlier logical n o tions of rationality.

Later philosophers tried to show how theories about rationalitycould still be co n - sistent with sociological and historical data. As a consequence, theyput forward di f - ferent ideas about how science develops and what the resulting theories represent, if theyrepresent anything at all, and if or how theyshould be justified.

Manyphilosophers of science who take science as a rational business take ps y - chologyas incompetent to sayanything about it. Psychologicallyexplanations of b e - havior should have nothing to sayabout how to do science rationally. But cognitive psychologynot onlyallows rationalityas an explanation of behavior, it also explicitly studies it. It even has the potential to explain notions of rationalitythat are normally consi d ered the concern of modern logic.

Yet, it could be argued that what philosophyof science should contemplate about is how to reason according to modern logic, not how people actuallyreason. Ho w - ever, since Kuhn , philosophyof science cannot leave out science´s practice without inviting the argument that philosophyof science, in that case, has nothing to do with real sc i ence.

In this section Iwill explore how or if cognitive psychology, as set out in Section

2.3, clashes with the theories of Carnap , Popper , Lakatos , Laudan and Hacking as set out in Section 2.2. Iwill tryto show that cognitive psychologycan be a worthyopp o - nent in issues of philosophyof science.

Carnap

Fodor ´s cognitive psychologyis maybe closest to the logical positivism of Carnap , but at the same time totallydifferent. Fodor ´s internal basic representational system shares manyof its logical properties with Carnap ´s ideal formal language, with the main difference that the latter is an artificial logical language and the former is su p - posed to be a phenomenon that can be empir i callyinvestigated.

The justification of the propositions of scientific theories byconfirmation seems to resemble the non-demonstrative learning process of concepts in Fodor ´s represent a - tional framework. Computational steps and their results in a cognitive process do not need a metaphysics for their explanation, just as the logical implications of scientific theories in Carnap ´s doctrine do not need such an explanation. And if, in an internal representational system, concepts are learned byhypothesis formation and confirm a - tion, then the justification of them is induction, which was enough for the logical positi v ists.

Another important difference is that logical positivism did not take into account actual scientific practice. It is indifferent to anyexplanations of the behavior and practice of scientists; these were, in that time, governed bybehaviorism. Thus one is led to the biggest difference: the terms in Carnap ´s language had to be purelyobse r - vational, while the terms of the language of thought are theoretical. Theyprovide an explanation for certain observable cognitive phenomena: language and intelligent b e - havior. But if Fodor ´s thesis about cognitive psychologyis assumed then a form of logical positivism could be compatible with it, because an internal basic represent a - tional system implies the possibilityof an ideal formal language that can provide certaintywithin it.

Popper

Being compatible with a part of logical positivism does not, for cognitive psycho l - ogy, implybeing totallyincompatible with the critical rationalism of Popper . The r e - alization that induction does not guarantee absolute certaintyis a logical truth that can be justified in the frame of cognitive psychology.

To start with, there is a difference between the learning of a natural language and the justification of scientific hypotheses within a language. Concepts are a kind of theories about what to expect about instances of that concept. But concepts in natural language are not learned that strictly. Natural language is full of `falsified´ concepts that are entertained anyway. For example, a penguin is a falsification of the concept bird in English, because you expect a bird to fly. But doing science is another pro c - ess: it can be seen as striving to justified knowledge within the conceptual frame of a la n guage.

Again, first you need a language to state your hypotheses in, before you can test them. Popper argues that one should accept onlysingular statements, which falsifyor corroborate a hypothesis, but this can onlybe possible within an alreadyknown la n - guage frame. The goal of developing logicallyjustified hypotheses can onlybe just i - fied within the logic of a language, and so within the language of thought. Because logic is a characteristic of the language of thought. What can be said of a science is that it develops its own language that tries to be as logicallycorrect as possible, but again, onlywithin a shared mental framework.

The thing that is in conflict with Popper ´s ideas is that the language of thought i n - troduces the possibilityfor a true logic of discovery. The operations of justification bycorroboration and falsification can be seen as general operations in a process of problem solving. Finding a theoryor law that governs the accepted empirical singular statements about a phenomenon can be explained as solving a problem within the frame of a language.

It still leaves room for sudden insights. But because theyhave to be justified within the terms of the (scientific) language, sudden insights can be seen as suddenly finding a solution within that linguistic frame. In studies of in cognitive psychologyit is found out that the process of finding a solution to a problem is not a mere process of trial and error. It can be seen as a heuristicallyguided search through possible s o - lutions.

Yet, while manyscientific discoveries occur within a frame work of a given sc i - entific language, manyrevolutionarydiscoveries are accompanied bya change in the conceptual framework of a scientific language. This will onlyclash with Fodor´s th e - sis if one accepts that everybasic term in the language of thought is also a basic term in the frame of a scientific language. However one could argue that one should u n - derstand the basic terms, that according to Fodor are needed to explain the whole process of learning a language, are present on a different level of abstraction. In a similar case, the psychologist David Marr argued that we need to assume that the projection of cylinder forms on perceptual data is hard wired in the brain to unde r - stand the process of object recogn i tion (Marr, 1982).

Kuhn

One can summarize Kuhn ´s view of science and his reaction to Popper bystating that there can be no logic but onlypsychologyof discovery. But it is incorrect to conclude that therefore science is not rational or can not be understood as a rational enterprise.

With Fodor ´s thesis about cognitive psychologyone can provide an explanation of ratio n alityin science.

Entertaining the concept of the language of thought implies a common logical b a - sis for all possible paradigms of science because theorydevelopment and justification is done byhuman beings who share a common basic conceptual system. Thus, su p - ported byempirical data of cognitive psychology, the acceptance of the language of thought makes incommensurabilityand the implied relativism unjustified co n cepts.

Kuhn is still right in rejecting an earlyform of falsificationism for explaining sc i - ence, but wrong in rejecting the possibilityof a justified form of rationalitybyjust asserting that it is a matter of psychology, because then he clearlyunderestimates the reach of cognitive psychology. It explains the behavior of individuals as well as their behavior in the context of a paradigm without resorting to social forces only. Of course, it still remains a point of discussion whether it provides a proper expl a nation.

Lakatos

As an heir of Popper , Lakatos shares his objections against psychology, but again, also without recognizing that rationalitycan be justified within cognitive psychology.

So his refinement of Popper ´s falsificationism, byallowing an irrefutable theoretical core and letting auxiliaryhypotheses take all the refuting blows, can be compr e - hended in a cognitive psychological frame just as well.

What is incompatible with this frame, is that Lakatos´ refinement might allow changing protecting hypotheses forever. But, if the core assumption of a research program is incorrect in respect to the world and the language of thought, changing auxiliaryhypotheses would eventuallyturn out to be empiricallyunjustified or would otherwise lead to a change in the relation between the language of thought and the scientific la n guage in which the theoryis put.

The correctness of a theoretical core can result in unmasking presupposed h y - potheses. But if protecting hypotheses would be continuouslychanged to save the core then all hypotheses eventuallylose their meaning (and thus the possibilityof comprehension within the language theyare put in is lost as well), because theylose their initial relation with the language of thought. Without that relation the theory would not make anysense for anyone knowing the initial scie n tific language.

Laudan

As for the comparison with Laudan ´s ideas, cognitive psychologyincorporates an e x - planation of the notion and usefulness of problem solving in science. It entertains these as a basic feature of human cognition that can be rationallyguided.

An explanation of whyone theorysolves some problems better than another can be that, given a scientific language, the one is more truth-like then the other: it is a better possible solution then the other within the space of all possible solutions, within a learned instantiation of the representational frame of the language of thought.

So, successes or progression with problem solving can be explained bypresu p - posing a cognitive process that is, for having success, governed bytruth in a repr e - sent a tional system.

Hacking

When we see Hacking as accepting onlyparts of theories, their theoretical terms when theycan be manipulated during experiments, we see that this is again a point of view that can be incorporated in a psychological frame, as all other philosophies r e - viewed so far. One just has to regard the possibilityof intervention as a form of r a - tional justification of the reference of terms within a language. From there to, how language r e lates to the language of thought, it is the same storyas above.

Summary

Iput forward Table 2.1 as a synopsis of the stances regarding issues in the philosophy of science with Fodor as a participant. Iregard the different philosophers as having a philosophical and/or empirical theoryabout science consisting of: a theoryabout the scientific practice or behavior of scientists; a theoryabout what theories represent; a theoryabout when and how theories develop; and finallya theorywhyscientific theories are just i fied or accepted.

Practice Representation Development J ustification

Carnap - Empiricism Confirmation Induction

Popper - Realism Corroboration No falsific a tion

Kuhn Paradigms Relativism No r mal/revolution Puzzle solving

Lakatos Research program Realism Progression Empirical co n tent

Laudan Research trad i tion Pragmatism Progression Problemsol v ing

Hacking - Entity realism - Intervention

Fodor Prop. attitudes Internal rea l ism Confirmation Problemsol v ing

Table 2.1: Different views on science

Carnap and Popper did not consider scientific practice because theymainlypu r - sued a normative philosophyof science. Kuhn introduced paradigms into the picture and showed how the ideas and behavior of scientists depends sociologicallyon the scientific paradigm theywork in and on. Lakatos adjusted Kuhn ´s paradigms and e x - plicated the organization of scientists around the theoretical core of a research pr o - gram. What a scientist accepts depends on the program he is working in. Laudan further extended research programs to research traditions and included, among other things, the conceptual world view of scientists that also determined their adherence and work in a certain tradition. Hacking speaks about scientific practice but he does not pretend to explain it. If we regard Fodor then we should not look onlyat a soci o - logical level: we can also explain the behavior of the individual scientists on a ps y - chological level, in terms of their propositional att i tudes.

What scientists do, should do, or can do is dependent on what their theories repr e - sent. Carnap and Popper both thought that theories represent the world with the main difference that Carnap ´s logical positivism, also called empirism, onlyallowed the o - ries that represented, or could be redescribed to represent, things that can be o b - served. Popper ´s realism had less problems with theories representing unobservables.

The relativism of Kuhn on the other hand does not regard theoretical terms or even observational terms as representing anything in the world, because when a theoryis developed further the meaning of its terms change as well. Lakatos is as much a rea l - ist as Popper was. Laudan, on the other hand, regards theories as useful but does not allow representation. Hacking does allow the realityof `theoretical´ entities if it can be shown that theycause something in experiments. Concerning representation, F o - dor allows a realism that is justified with the internal representational system of the language of thought. The terms of theories represent the world in respect to human perception, the language of thought and the particular language a scientist employs.

The language of thought thesis incorporates the idea that perception is theoryladen, it deals with underdetermination and undermines inco m mensurability.

A further important philosophical problem is the question when, how and if sc i - ence develops. According to Carnap we have learned something about the world if a new hypothesis is confirmed. Popper speaks of the corroboration of hypothesis which stood up to critical tests. In both views progression is the result. But when Kuhn looked at historyhe onlysaw normal science and revolutionaryleaps between i n - commensurable paradigms in the development of science. Lakatos , however, expl i - cated that when a research program develops the empirical content of the theories should increase. For Laudan there is just progression when a tradition does not run into unsolvable problems. As far as Iknow, Hacking did not propose his own theory about how science develops. For Fodor, a person learns truths about the world, as well as a natural language, when hypotheses are confirmed in his internal represent a - tional sy s tem.

The last philosophical problem taken into account concerns the justification of scientific theories. Carnap justifies confirmed hypotheses byinduction. But Popper is onlywilling to pursue a theorywhen it is not falsified. For Kuhn a theoryis still worthyif puzzles can be solved with it during a period of normal science. Lakatos admits theories as long as the research program keeps on increasing its empirical content and does not degenerate. For Laudan problem solving is the goal of science, not truth. Hacking justifies the acceptance of theoretical entities when we can explain

2.5. Integration 25 the result of our intervention with nature in terms of them. And finally, Fodor ´s co g - nitive psychologyadmits the acceptance of theories partlybyinduction but mostlyby problem solving. The descriptive and explanatorynature of the language of thought does however allow a normative bent: human problem solving can be analyzed and improved.

This section tried to show that issues and research problems of cognitive psycho l - ogycan be considered as part of the problems and issues of the philosophyof sc i - ence. The ideas about the issues clash, but in the same wayas the theories within philosophyof science clash with each other. In the next section Iwill regard how philosophyof science can fall within the frame of cognitive psychologyinstead of the other wayaround.

2.5 Integration

Up till now, Iargued for a place for cognitive psychologywithin the philosophyof science. But you can also look at issues of philosophyof science as constituting a part of the issues of cogn i tive psychology.

As we saw in Section 2.3, Fodor ´s cognitive psychologyis concerned with the e x - planation of intentional behavior and cognitive processes that result into language and rationality. This is accompanied byan explanation of understanding and compr e - hension of symbols and the world. Consequently, within the frame of cognitive ps y - chology, scientific theories, as all other symbols, should be processed bya person´s mind to have anymeaning. Their reference is determined bythe person´s represent a - tional system. That makes truth a feature of the cognitive processes of the mind.

Hence, cognitive psychologycan in fact be seen as a scientific epi s temology.

Theories in the philosophyof science, in that way, can be interpreted as theories about cognitive processes within a representational system that can be empirically investigated within the frame of cognitive psychology. The studyof the relations between theories on different levels of explanation would be a studyof the processes of thought within the mind and of the mind´s representational system. In this way, epistemologycan be seen as a science about how human beings know the world, and can learn to know it better. The foundation of knowledge would not lie exclusivelyin perception of the world, neither would it lie in language, it would lie in how human beings can know about and act in the world on the basis of their representational system: it would lie in the language of thought.

The framework of cognitive psychologyis even richer than its capabilityto e x - plain theoryjustification, it can explain theorydiscoveryas well. It gives the poss i - bilityto studyjustification and discoverywithin the same framework. One wayof doing so is understanding discoveryas the result of an heuristicallyguided search through a space of possible solutions of a given problem. That problem could, for instance, be: what formulas explain the given empirical data. Investigating the pro c - ess of discoverywould then be investigating how scientists learn heuristics that can find solutions for a problem in a given representational system. In that wayit can be seen that justification is also an operation in the process of search on the level of di s - coveryand not just a judgement after discovery.

It is not the case that cognitive psychologydoes not allow ^the spark of brilliance~ or anyother notion that is related with serendipitous discoveryand creativity. There can be more ways of finding a solution in a space of possible solutions than only through a methodological search that is heuristicallyguided. But the hypothesis of the language of thought implies that: if a solution to a problem can be found sere n - dip i touslyin a given finite problem space then it can also be found bymethod.

Finally, the program of cognitive psychologywas originallyset up to explain ind i - vidual behavior of human beings, so it mayallow us to give an adequate reconstru c - tion of the behavior and ideas of scientists. It is verylikelyto meet the challenge to justifyhistorical and social data, regardless whether the goal of a scientist is power or truth.

Fodor ´s thesis in cognitive psychologyprovides a theoretical frame for processes of cognition that can explain features of language, thought, and behavior. Those pr o - cesses are seen as computations in an internal basic representational system. From this viewpoint, theorydiscovery, development, and justification next as well as i n - tentional behavior of scientists are all governed bycomputational processes in a re p - resentational system which can be empiricallyinvestigated. So, cognitive psychology implies a stance within the philosophyof science because the assumptions of the philosophyof science are a part of the assumptions of cognitive ps y chology.

Hence, we can consider issues of the philosophyof science as part of the issues and research problems of cognitive psychology. Theories of science can be inte r - preted as theories about certain cognitive processes and their desired results. In the next section Iwill close this chapter with a general conclusion.

2.6 Conclusion

Should someone accept the theories of a science because he accepts the ideas of a philosophyof science that justifythat science? Or should one accept a philosophyof science because it is justified bythe science that is accepted?

Itried to make clear in this chapter that, if you accept some idea in the philosophy of science, you implicitlyaccept some psychologyor philosophyof mind, and if you accept some psychologyor philosophyof mind you also accept some philosophyof science. Theyare both about human knowledge and reasoning. If you state how a theorycan be justified, you presuppose how a human being can represent theories as well as where theyare about. If you state how human beings can have knowledge, and how it influences their behavior, you presuppose how human beings can justify their knowledge. For making this claim, Iused the assumptions about cognitive ps y - chologybyFodor and related them to issues in the philosophies of Carnap , Popper ,

Kuhn , Lakatos , Laudan and Hacking , showing that Fodor and these philosophers of science share a number of issues and assum p tions.

What is important for this claim is that it does not matter whether you accept F o - dor ´s cognitive psychologyor not, it holds for everyscientific theoryabout language, thought, behavior, and the brain. If you do not accept a non-physical theoryof ps y - chology, but onlyconsider neuro( physio)logical information processing, you still pr e - suppose some account of justification of theories. But if you regard the processes of the mind and brain as computational then you should see a scientific theoryas a

2.6. Conclusion 27 computational recipe in a representational system, i.e. as a kind of computer program.

Looking to theories from that perspective opens up a whole world of new ways to studyand understand science with the aid of theories about representation, comput a - tion, learning, rationalityand behavior within cognitive science.

As a conclusion, Iwill repeat the claim Iargued for in this chapter: cognitive sc i - ence in general can make sensible contributions to debates, ideas and developments in the philosophyof science because accepting a theoryabout science is accepting a theoryabout the mind/brain and vice versa, philosophicallyas well as scientifically.

How psychologycan contribute to the debate about the rationalityof science is a main topic of the rest of this thesis.

Postlude

Philosophyof Science realized what his young nephew Cognitive Science had in stock. Now theyboth had to convince their own families about their combined p o - tential. The best wayto achieve that was getting to work together and let it be shown�

* *

Chapter 3

Neuropharmacology

3.1 Introduction

What is the rational use of theoryand experiment in drug research for Parkinson´s disease? In this Chapter Idiscuss this problem from a bird´s eye perspective, provi d - ing an introduction to the more detailed analysis of discoveryin neuropharmacology in Part IIIof this thesis.

The approach of this thesis is that the best wayto understand the process of di s - coveryin empirical science is to see it at work. This opinion is endorsed byboth ps y - chologists, studying how people actuallymake discoveries in scientific practice ( e.g.

Dunbar , 1995), and computer scientists, who want to make programs that aid disco v - ery, no matter how people actuallymake discoveries ( e.g. Valdés-pérez , 1998).

Itook a similar approach, in conducting mycase studyof drug research for Par k - inson´s disease at the Groningen UniversityCenter for Pharmacy. It turned out that fundamental research into the biological mechanisms of the brain and new drug e x - periments go hand in hand in the search for new drugs. Theories and models of bi o - chemical and neurophysiological mechanisms guide the search for a new drug and drug treatment, and newlydesigned highlyselective drugs are used to empiricallytest those models and further explore those mechanisms in the laborat o ries.

This chapter globallysurveys myanalysis of the reasoning involved in using the o - retical diagram models in neuropharmaceutical research. These describe relations between variables of a biological system. The use of such diagram models has some limitations in practice, due to their complexity. A formal wayto understand these models is to represent a model as a qualitative differential equation. An explication of the reasoning task can help to understand the search for drugs led bysuggestions originating from such models, and possiblyaid that task bycomputational tec h - niques.

The next section brieflydescribes the field of neuropharmacologyand the case of

Parkinson´s disease. In section 3.3, Iwill compare the reasoning in the search for an explanation with reasoning in the search of a drug treatment. In section 3.4 Ioutline a method of making predictions from knowledge in neurobiologybyusing qualitative differential equations. Section 3.5 defines and discusses the process of rational drug discovery. This chapter ends with some general conclusions.

3.2 Description

In this section Igloballydescribe the field of neuropharmacology. One aim of drug research in neuropharmacologyis to find a wayto intervene in neurophysiological and neurochemical processes such that pathological properties or symptoms are su p - pressed, or desired properties are induced, ( Vos 1991). Those unwanted properties are determined and discovered in numerous ways. The historyof pharmacologyand medicine is rich with serendipitous cases where a patient with a particular disease comes into contact with a compound that enhances his condition, hence providing a clue about the disease mechanism. A systematic studyinvolves comparison of pro p - erties of pathological processes of patients with those of control subjects. In some cases, such as in Parkinson´s disease, a cause of disease symptoms can be traced back to different concentrations of a single neur o transmitter compound.

Neural disorders have their origin in shifts in delicate balances of neurochemicals, which can be caused by e.g. cell damage or degeneration. The plasticityof the brain is large enough to restore imbalances, e.g. byincreasing the sensitivityfor a partic u - lar neurotransmitter. But when it fails, e.g. when a substance is depleted almost co m - pletelyas in the case of Parkinson´s disease, a severe neurological disorder results.

The aim of a therapeutic strategyis to find or design chemicals that selectivelyi n - fluence neurotransmission. The goal is to restore balances byadministering those chemicals, to nudge derailed processes back on the track. This kind of research has a top-down and bottom-up strategy. In the latter case, one tries to discover and unde r - stand structures and processes in the brain byinfluencing them selectively, and seeing what happens. This is done both locallyand globally. How does a new drug influence local neurological processes, and how does it influence behavior? In the top-down case, one uses all knowledge available about the pathologyof a disease to discover new therapeutic targets, leading to a so-called drug lead . This is a description of the functional properties a potential drug should have to influence that target. In practice, top-down and bottom-up go often hand-in-hand.

Using knowledge to build models of neurochemical structures and processes to guide drug research is dubbed rational drug design. Computational models of co m - plex receptor structures are made to infer what chemicals might interact with them.

Yet, in contrast to such rational methods, currentlya verysuccessful strategyis to generate chemicals massivelyand to test them in vitro on their potencyfor influen c - ing receptors. This strategywill end up with a nice set of chemicals to influence the biological machineryin a highlyselective way. On the other hand, it is not always obvious how to employthose chemical tools optimally. For example, it mayturn out that a particular combination of drugs is needed to properlyinfluence several mech a - nisms involved in a disease. This can be discovered byfirst rationallyunderstanding those mech a nisms.

Hence, fundamental research into the workings of the mechanisms of the brain is also pursued in neuropharmacology. One research tool employed is building models of neurochemical and neurophysiological processes that aim to fit data acquired by lab-studies on animal models. This is conducted in the PharmacyDepartment of the

Groningen Universitybyemploying electrophysiological methods and microdialysis to track nerve signals.

3.2. Description 31

A nerve propagates a signal byconducting an electric pulse called an action p o - tential. This signal initiates the release of transmitter chemicals at the terminals of the cell, that affect receptors of nearbynerve cells that mayfurther propagate a signal.

Placing an electrode in the brain can monitor the electrical activity. The release of transmitter is measurable bymeans of a microdialysis probe. This probe can also be used to release chemicals locallyand measure the effect in vivo . At the Pharmacy

Department of the Groningen Universitythe function of neurophysiological pathways is studied byusing these two techniques.

Specific studies of the functional relation between several variables together co n - tribute to understanding the function of a brain area, or cell groups called nuclei. To describe these neural circuits, box and arrow models are drawn showing positive and negative influence relations (Timmerman , 1992). These models are further tested for their correctness and used to explain and predict the functioning of the system. Newly developed drug compounds playa bootstrap role in this research: theyare used to r e - vise and refine the model and experiments conducted, while on its turn the model is used to understand their effect. A drug that works veryselectivelyfor one particular type of pathwaycan be used to further explore the function of that pathway. The a c - quired data maythen serve to refine the model, so that the effects of the new drug can be explained and predicted.

A group of subcortical nuclei called the basal ganglia are studied in Groningen

(Timmerman et al. , 1998). These nuclei playan important role in the control of vo l - untarybehavior. In the case of Parkinson´s disease a part of them, called the substa n - tia nigra pars compacta (SNC), decays due to an unknown cause. The SNC is a su p - plier of an important neurotransmitter called dopamine, which is postulated to serve a modulating function. It is thought to maintain a delicate balance in influencing si g - nals from the cortex. To understand this balance a schematic model is used to repr e - sent neural activityin the basal ganglia in Parkinson´s disease, see Figure 3 . 1 .

Figure 3 . 1 presents a schematic representation of neural activityin the basal ga n - glia in Parkinson´s disease, as postulated in studies byTimmerman (1992, p. 18). An arrow in the diagram is a neural pathway, consisting of a bundle of individual nerve cells. A box is a nucleus, or clustering of nerve cells. Increased inhibition induced by receptors sensitive to the transmitter GABA of the external segment of the globus pallidus ( GPe) leads e.g. to disinhibition of the subthalamic nucleus (STN). In turn, this provides increased excitatorydrive to the internal segment of the globus pallidus

( GPi) and substantia nigra reticulata (SNR), therefore leading to increased thalamic inhibition. This is reinforced byreduced inhibitoryinput to the SNR/ GPi. These e f - fects are postulated to result in a strong inhibition of brainstem neurons. D1 and D2 are two different types of receptors, postulated to react excitatoryand inhibitory, r e - spectively, to dopamine (DA). (This model is explained in more detail in part III)

In the model dopamine has a dual function. It enforces the direct path from the striatum to the SNR/ GPi while it inhibits the indirect path, via the GPe and STN.

This balance maintains an inhibition of both the brainstem and the thalamus. Yet when dopamine is nearlydepleted, the balance becomes disrupted, resulting in a strong increase of the activation of an area called the SNR/ GPi, see Figure 3 . 1 . This hyper-activation causes strong inhibition of brainstem neurons and is correlated with some of the major symptoms of Parkinson´s disease.

D1 (+)

cortex

Gl u (+)

Glu (+) striatum

D2 ( - )

GAB A ( - )

GAB A ( - )

GPe

GAB A ( - )

GAB A ( - ) Glu (+)

SNR/GPi GAB A ( - )

thalamus brainstem

DA

SNC

GAB A ( - )

STN

Figure 3 . 1 : Diagram model of the basal ganglia

Most of the traditional research on Parkinson´s disease is focused on restoring levels of dopamine. This compound cannot be administered as a drug that can be swallowed because it does not pass the so-called blood-brain barrier. Yet it was discovered that

L-dopa, which metabolizes in the brain to dopamine, can pass this barrier. Admini s - tering doses of L-dopa regularlyis to date the most successful therapyto deal with

Par k inson symptoms.

Yet administering L-dopa also causes dopamine levels in other parts of the bodyto increase. This higher concentration of dopamine in the blood causes nausea as a side effect due to stimulation of dopamine-receptors elsewhere in the body. And after three to five years of use the therapeutic effect wears off drastically. Further research investigates the use of highlyselective dopamine receptor agonists, compounds that interact onlywith particular dopamine receptors. The dopamine receptors on the d i - rect route from the striatum to the SNR/ GPi were discovered to be mainlyof another type (D1) than that of the indirect route (D2) via the GPe. Both receptors can be stimulated bydopamine, but with different effects. D1-receptor stimulation with d o - pamine has an excitating effect on a cell, while stimulation of the D2-receptor with dopamine inhibites the cell. Clinical studies are conducted to investigate the ther a - peutic effects of using different compounds that differ in selectivityto both the D1 and D2-receptor. These studies show that using onlya selective D1-agonist, a co m - pound that stimulates D1 but not D2-receptors, is not successful.

3.3. Explanation 33

The model in Figure 3 . 1 is used to understand the effect of selective compounds.

However, in the literature opinions about these kinds of models are rather diverse.

Some people use them to understand and theorize about physiological phenomena extensively, while others are waryof using them because theyare too simple, not r e - specting the subtletyof the data, and therefore not realistic. In a recent article in the movement disorder literature it is said:

"On the one hand, efficient models have to be simple, but simple models can provide onlypart of the realityand are thus bound to be wrong (for example, current basal ganglia model) ... On the other hand, an elaborated model that would embodyall the complexities of a given reality... is doomed to be useless" (Parent and Cicchetti , 1998)

The practical problem of the diagram model is that it is informallyrepresented. Its consequences are inferred bytracking the boxes and arrows. The general basal ga n - glia model is alreadyfairlyelaborate. A more realistic picture would have to be su b - stantiallylarger, including more transmitters, peptides, small interactions and fee d - back loops. Including these would cloud the overview, drowning it in the complexity of all the consequences of the model.

The following sections generallydescribe a part of the reasoning involved with such models, introducing the use of qualitative differential equations to represent them. These allow for systematic and computational exploration of their cons e - quences and have the potential to aid with both the understanding and the testing of the models, but also to explore them for new drug lead suggestions. But first we will look at the kind of re a soning that is involved.

3.3 Explanation

In the literature on scientific discovery, a lot of attention is paid to understanding and explicating the process of explaining surprising or anomalous observations. The ge n - eration of potential explanations is often dubbed abduction after the work of C. S.

Peirce , whereas their evaluation is known as inference to the best explanation . The starting point in those analyses is in most cases a new phenomenon or observation that comes as a surprise, because it cannot be explained bycurrent knowledge, or b e - cause a contradictoryoutcome was predicted. From then on, new explanations are sought, evaluated, and incorporated in the known theories and background (Th.

Kuipers , 1999). How an anomalous or surprising observation comes about is often the result of casual observation, serendipity, or devised laboratoryexperiments that aim to test explanations on their co r rectness.

In pharmacology, the research aims have a strong pragmatic component. The goal in rational drug design research is to understand a particular biological structure or mechanism and to use this knowledge to devise chemicals to influence it. A research problem aiming at a new drug treatment for a particular disease starts with pheno m - ena or symptoms that do occur but that we do not want to happen, or with properties or symptoms that do not occur, but that we do want to see. Now the goal is to find a drug inducible condition that causes the wanted properties to occur and the unwanted symptoms to disappear. Superficiallythis reasoning task does not differ in structure from abduction and inference to the best explanation. Onlythe status of the initial condition and the observation is different. In the explanation task, the observation to be explained occurs, needing an as yet unknown initial condition or theoryto explain it. In the other case, the wanted propertydoes not occur, needing an as yet absent in i - tial condition that can cause it to occur.

The search involved is structurallysimilar to that of abduction and inference to the best explanation, but it has a different goal. Instead of finding a simple explanation of an observed effect, the task is to infer a simple (drug) intervention that causes a d e - sired effect. So we could call this reasoning task: inference to the best intervention .

Note that this task differs from diagnostic reasoning. Inferring what causes a disease symptom is not the same as to infer how to remedyit. That mayoften be as simple as removing the found cause, e.g. bykilling a germ. But, as the case of Parkinson´s di s - ease shows, that is not always possible.

3.4 Prediction

To understand inference to the best intervention based on the schematic diagrams about the dynamics of the brain we employthe formalisms of qualitative reasoning to deduce predictions from those diagrams ( cf. B. Kuipers , 1994). In qualitative re a - soning research, the structure of a dynamical system is described bya qualitative di f - ferential equation (QDE), that defines the relations between the variables of the sy s - tem. The exact nature of a relation maynot be known, as is the case in manyinvest i - gated relations in the model in Figure 3.1. Yet it maybe known what the sign of the relation is. It maybe known that a function describing the relation between two or more variables, that change in time, belongs to the class of monotonicallyincreasing

(M + ), or decreasing (M - ) functions.

Furthermore, anyvariable can be ascribed a qualitative landmark value such as high , low , or normal , and a direction of change over time: increasing , steady , or d e - creasing . Several variables can influence one other variables such that the differe n - tials of all variables together determine the resulting value. There is a calculus d e - fined to determine these values. For example, if the value of variable p

1

is a differe n - tial function over time of p

2

plus p

3

and the function belongs to the class of mon o - tonicallyincreasing functions, then the value of p

1

will increase if both p

2

and p

3

i n - crease, but remains unknown if p

2

increases and p

3

decreases. The lack of knowledge in the last case is a necessaryconsequence of the qualitative and incomplete character of a QDE.

A qualitative state of a system described bya QDE is an attribution of variable values to all variables of the system, consistent with the constraints in the QDE.

Given a QDE and a set of known initial variable values, a set of all consistent system states can be deduced, together with their possible transitions. When a calculated value is unknown, all possible states are included in the set. This set is complete, but is proved to be not always correct since spurious states maybe included as well.

3.5. Intervention 35 f ( striatum )

d/dt f (SNC) d/dt a (L - DOPA, striatum) d/dt f (SNR/GPi) d/dt a (glutamate, SNR/GPi)

d/dt a (GABA, SNR/GPi) d/dt f (Gpe)

d/dt f (striatum - D2 - to - Gpe) d/dt f (striatum - D1 - to - SNR/GPi)

d/dt a (dopamine, striatum)

M ˘

M +

M ˘ M + M + M +

M + M +

M ˘

M +

M +

M +

Figure 3.2: QDE fragment of the basal ganglia

Figure 3.2 displays a QDE fragment including a part of the basal ganglia model in

Figure 1, and the metabolism of dopamine. It relates variables such as the firing rate

( f ) of nuclei and neural pathways, and amounts ( a ) of neurotransmitters in nuclei. For example, the increase of the firing rate of the SNC causes an increase in the amount of dopamine in the striatum, while this latter increase causes a decrease in activation of the neural pathwaythat signals to the GPe, etc.

3.5 Intervention

In medical practice, a disease is characterized bya profile, which is a set of chara c - teristics with certain qualitative values. Given a profile, it is a goal in neuropharm a - cologyto discover a drug lead, which is a set of wished-for functional drug chara c - teristics ( Vos , 1991). This search can be based on qualitative knowledge if the pr o - files include comparative values of variables of a normal and a pathological state of a system. This is the case when values of variables are known to be higher or lower in a pathological condition, compared to controls.

The search goal is to find those variables bywhich one can intervene in the profile in such a waythat the pathological values of the variables associated with a disease are reversed. The goal set is defined to consist of the variables of the disease profile with an inverted direction of change, i.e. if a variable value is lower in the patholog i - cal profile, it is included in the goal to increase that variable value. We can now d e - fine the ideal goal of this search task: find a minimal set of variables such that a m a - nipulation of the variable values propagates a change in direction of the values of the variables in the goal set.

However, there maynot exist a set of variable influences that causes all desired changes of values of the goal set . So we have to moderate our goal to find that set of variables for which an influence causes the largest number of desired goal variable values, while minimallyaffecting the other variables of the system. This intuition can be explicated byan approximation criterion analogous to a criterion used in expl i - cating design research and truth-approximation, (T. Kuipers , 1999; Van den Bosch ,

1997, 1998, see part III).

The defined task can now be carried out as a search in a solution space of co n - ceptuallypossible interventions. We start with a QDE model and known initial va l - ues of its variables. A goal of desired variable values is set. Reasoning backward from the goal values one can explore possible manipulations of the variables. The approximation criterion is used to measure the difference between the goal values and the values caused bya particular manipulation, implementing a means-end anal y - sis.

In Parkinson´s disease, the goal set includes a lower activation frequencyof the

SNR/ GPi than in the pathological case, cf. Figure 3.1 . A search through possible m a - nipulations will not onlyfind an increase of the amount of L-dopa in the striatum. It will also find that a decrease of the firing rate of the indirect pathwaybetween the striatum and the GPe results in a decrease of the firing rate of the SNR/ GPi. Admi n - istering a selective D2 agonist can cause such a decrease, with a lesser effect on other dopam i nergic pathways than dopamine.

This reconstruction tells us nothing new about what to do about Parkinson´s di s - ease. Yet bymaking the knowledge and reasoning explicit (bydescribing it formally) it is possible to increase the complexityof the basal ganglia model without rendering such a model useless in the manner that was argued in the movement disorder liter a - ture. Via a computer program as a modeling tool it is still possible to keep track of, and further investigate, all the consequences of such a model.

However, because of the incompleteness of the data, numerous and possiblysp u - rious suggestions will be made. So, drug lead suggestions can best be seen as propo s - als for experiments. A manipulation derived from current knowledge is an excellent basis for a new experiment design serving both a practical and epistemic goal: testing a manipulation for its therapeutic appropriateness and testing the models used to d e - rive the m a nipulation for their correctness.

If a large enough domain of data is included, it also has the benefit of connecting results, in the waythe ARROWSMITH program does, based on text analysis of titles in the MEDLINE-abstract database (Swanson and Smalheiser , 1997).

ARROWSMITH discovers the missing link between literature that describes rel a - tions between subjects, compounds or functions A and B and literature that did the same for B and C, but in ignorance of each other. In this waythe relation between magnesium deficiencyand migraine was discovered, via eleven intermediate effects linking them together. In principle, inference to the best intervention can do the same, given qualitative models of results in MEDLINE. Initiatives to collect results in bio l - ogyin qualitative formalisms on a grand scale are alreadyundertaken; see, for i n - stance, the EcoCyc and MetaCyc projects on the web byKarp and R i ley (1993).

3.6. Conclusion 37

3.6 Conclusion

The rational use of neurophysiological models can be modeled as goal directed re a - soning about qualitative differential equations. Applying effective search techniques to such models could potentiallyaid drug lead discoveryfor complex biological sy s - tems with a large set of variables and constraints. However, this is a claim onlywa r - ranted bytheoretical considerations. Whether novel results can thus be produced still has to be seen, because there are problems as well. When a large-scale QDE model is compiled it can be severelyinconsistent because the empirical results are not always mutuallyconsistent. Yet byusing the best intervention suggestions to devise new e x - periments, qualitative reasoning about neurophysiological models as part of a co m - puter supported discoverysystem could still aid in using, understanding and testing models about larger biological systems.

This also concludes the introduction part of this thesis. Part IIwill go further into rationalityin discoveryin more detail, while Part IIIwill, in detail, further address discoveryin neuropharm a cology.

* * *

39

Part II Discovery

What is the rational use of theoryand experiment in the process of scientific discovery, in theory? In this part Idiscuss three different approaches to the studyof the rational use of theoryand experiment in the process of scientific discovery. Istart with a discussion of the studyof logic (Chapter 4). Then I discuss an account that stems from the psychological studyof cognition

(Chapter 5). Ifinish this part with the discussion of a model of discoverythat is grounded in the studyof computation (Chapter 6).

Chapter 4

Logic

4.1 Introduction

In this thesis we set the general problem: what is rationalityin scientific discovery?

This question receives attention from several academic disciplines. Traditional ph i - losophers of science are usuallyinterested in what scientific discoveryought to be, and how reasoning in that process can be valid or justified. Empirical scientists are usuallymore interested in describing rationalityin scientific discoveryas a social or psychological phenomenon, to be studied empirically.

In this chapter we will address a normative approach that stems from studies in logic. In the next chapter we will address a psychological theoryabout the rationality of reasoning and problem solving. This part will end with a chapter on a general computational model of discovery. In discussing all models Iwill look for answers to the specific questions from section 1.3, i.e. those about: (1) the structure of a theory,

(2) the process of scientific reasoning and (3) the route between theoryand exper i - ment.

In this chapter we start with a discussion of logic, the traditional studyof valid reasoning. The question is: what is the rational use of theoryand experiment in the process of scientific discovery, as proposed in the studyof logic? We start byasking:

what is a scientific theoryand what is scientific reasoning?

To address these questions Idiscuss an illustrated example of explanation. In an episode of the life and times of cartoon character Calvin and his tiger Hobbes he watches a sunset with his father, see Figure 4.1. His father explains the setting of the sun to Calvin. Now, whywould we not accept his explanation as scientific? Is this because his hypothesis is not scientific? Is this because his reasoning is not valid? Let us look at the validityof his inferences from the perspective of logical argumentation theory, and reconstruct his reasoning.

Figure 4.1: Calvin and Hobbes © 1988 Bill Watterson. Reprinted by permission of

Universal Press Syndicate. All rights r e served.

4.2 Deduction

Calvin´s question is: whydoes the sun set? This question asks for an explanation of his observation. He wants to know what causes the sun to set. If Calvin accepts only a logicallyvalid answer, he can onlyaccept as explanation a deduction of his obse r - vation from what is known. Let us examine his inferences one at a time and comment on their validity.

In modern logic the validityof an inference is independent of the truth of the premises. Yet when an inference kind is valid the conclusion is true when the pre m - ises are true. To represent kinds of inference schemes in the discussion Iwill use a two or three letter abbreviation (TLA) that is italicized if it represents a logically valid inference. In an inference scheme Iwill mark a proposition with a star (*) to indicate that we do not know whether that proposition is true.

Calvin´s father manages to infer his answer in several possiblyimplicit steps. First he presupposes two propositional premises as initial assumptions which Calvin should accept off-hand, without further argumentation:

P

1

Hot air rises Hot(air) Þ Rises(air)

P

2

In the middle of the daythe sun is hot Hot(sun)

Presumablyhe further assumes that the air is hot, and that the sun causes it:

P

3

If the sun is hot then the air is hot Hot(sun) Þ Hot(air)

These premises seem unproblematic. Based on them he can validlyinfer by modus ponens ( MP ) that the air is hot:

P

2

In the middle of the daythe sun is hot Hot(sun)

P

3

If the sun is hot then the air is hot Hot(sun) Þ Hot(air)

MP

P

4

In the middle of the daythe air is hot. Hot(air)

Bytra n sitivity( TRN ) he can infer validlythat if the sun is hot the air rises:

P

1

Hot air rises Hot(air) Þ Rises(air)

P

3

If the sun is hot then the air is hot Hot(sun) Þ Hot(air)

TRN

P

5

If the sun is hot then the air rises. Hot(sun) Þ Rises(air)

From the premises he then infers in two steps whythe sun rises. To be explained first is the o b servation:

P

6

In the middle of the daythe sun rises Rises(sun)

This should be a conclusion from our premises and valid intermediate conclusions.

For the first step three different inferences are possible. The first could be:

P

5

If the sun is hot then the air rises. Hot(sun) Þ Rises(air)

GEN

P

7

If the sun is hot, anything rises * for all x Hot(sun) Þ Rises(x) *

Logicallythis is a fallacy, a hastygeneralization (GEN) called a secundum quid.

Seeing one type of object with a propertydoes not implythat all have the same pro p - erty. So this inference is invalid. However, we can not saythat, logically, his concl u - sion is false either. The inferred proposition could well be true, but its truth does not follow deductivelyfrom the truth of the premise.

Alternatively, Calvin´s father could have assumed that the sun is part of the air and a propertyof air is also a propertyof the sun. Since hot air rises, a hot sun rises as well:

P

1

Hot air rises Hot(air) Þ Rises(air)

P

8

The sun is part of the air sun part of air

DVS

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

This is known as a fallacy of division (DVS), where a propertyof the whole is also ascribed to a part. All the parts together could well not have the same propertyas the whole ( e.g. the parts are light, but the whole is heavy). Yet again, it is also possible that the whole does have the same propertyas the parts, and vice versa ( e.g. the whole is light, therefore each part is light).

A third possible interpretation of the explanation of Calvin´s father is a causal a r - gument a tion (CAU):

P

4

In the middle of the daythe air is hot. Hot(air)

P

6

In the middle of the daythe sun rises Rises(sun)

CAU

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

In this case a cause-effect relation is inferred from the mere observation that two events take place together. The air is hot and the sun rises, hence if air is hot the sun will rise. This is again a logical fallacy. The causal relation could just as well be the other wayaround, or not existent. The occurrence of events one after another could just as well be an incident. This fallacyis called post hoc ergo propter hoc .

We now saw three ways to infer P

9

in a first step. To explain P

6

, the rising of the sun, he further infers in the second step:

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

P

4

In the middle of the daythe air is hot. Hot(air)

AA

P

6

In the middle of the daythe sun rises * Rises(sun) *

In this inference the second premise affirms the antecedent ( AA ) of the first premise.

This inference is called modus ponens . It is a valid inference that guarantees the truth of the conclusion if the premises are both true. But in this case the conclusion maybe false because the first premise maynot be true. So P

6

follows validlyfrom P

4

and P

9

, but not from our initial premises P

1

to P

4

, because P

9

does not follow from them.

But Calvin´s question was whythe sun sets . To explain this, his father first i m - plies in a third step that when the sun is not rising the air is also not hot.

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

P

10

In the evening the sun sets. not Rises(sun)

DC

P

11

In the evening the air cools down. * not Hot(air) *

The second premise denies the consequent ( DC ) of the first. This inference is called modus tollens . Just like in an affirmation of the antecedent, the conclusion of the i n - ference is true if the premises are true. We cannot saythat for the first premise, so the conclusion maynot be true.

To conclude the explanation his father further treats a possiblysufficient condition as a necessarycondition. From the assumption that the sun rises when the air is hot he infers that when it is not hot, the sun also does not rise, therebyDenying the Ant e - cedent (DA) of the first premise. This is also called an inverted modus tollens . This inference is invalid. Hence, the conclusion maybe false even when the premises are all true.

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

P

11

In the evening the air cools down. not Hot(air)

DA

P

10

In the evening the sun sets * not Rises(sun) *

Assuming he translates not hot air (P

11

) with cool air (P

13

) and a not rising sun (P

10

) with a setting sun (P

14

), he rephrases this conclusion (invalidly) in the statement with

P

13

and P

14

as premises: if the air cools down the sun sets (P

12

), which given that the air cools would validlyimplythat the sun sets if the stat e ment were true:

P

12

If the air cools down the sun sets * Cools(air) Þ Sets(sun) *

P

13

In the evening the air cools down. Cools(air)

AA

P

14

In the evening the sun sets * Sets(sun) *

We can also interpret his whole explanation in yet another way. He could have a s - sumed that the premise: if the sun rises the air is hot, stated that the rising sun is a necessarycondition for hot air and hence infer that if the sun sets the air cools, via contraposition. But then he Affirms the Consequent ( AC ) of this proposition, also called an inverted modus ponens , to infer that if the air cools, the sun sets:

P

15

If the sun sets the air cools down * Sets(sun) Þ Cools(air) *

P

13

In the evening the air cools down Cools(air)

AC

P

14

In the evening the sun sets * Sets(sun) *

Byno great surprise this is invalid since the antecedent is not a necessarycondition but a sufficient condition. In that case when the consequent of the first premise is known to be true the antecedent could be true, but could possiblybe false just as well.

What can we conclude from this? Today, Calvin´s father´s explanation is gathered to be wrong. But is this because his hypothesis is unscientific, or because manyof his inferences are fallacies? If we look at the beginning of modern science, three cent u - ries ago, then what would we expect?

The Inquisition

In the seventeenth centuryGalileo Galilei defended the Copernican heliocentric th e - ory. This theoryput the sun at the center of the solar system, and explained that the sun sets because the earth turns on it own axis and revolves around the sun. It also explained the phases of Venus that Galileo first observed with his self made tel e - scope.

Venus waxes and wanes as viewed from the earth, similar to the moon´s phases.

When Venus is full, we cannot see it because the sun is in the way. As Venus wanes from the full phase, it also gets bigger because it is approaching us. When it is closest to us, we cannot see it because no light is reflected towards us. This could be e x - plained if it was assumed that both Venus and the Earth rotate around the sun. If you put the earth in the center then you could onlyexplain it when you assumed Venus to rotate around the sun while Venus and the sun both rotate around the earth.

In 1616 Galileo was formallywarned bythe church to stop this defense. The re a - son for this censure was not that the claim was considered wrong, or that teaching so undermined the Church . Rather, it was claimed that Galileo´s proof for the theory was not logicallyvalid. Galileo´s main argument depended on the fact that the theory explained whythe planet Venus shows phases. Yet, he could not prove this dedu c - tively. The argument ran as follows:

If the planetarysystem is heliocentric, then Venus will show phases.

Venus shows phases.

Hence, the planetarysystem is heliocentric

So the argument was based on an affirmation of the consequent, a fallacywell known bythe Aristotelian clergy. While Venus does indeed show phases, the planetarysy s - tem being heliocentric maynot be the onlycondition under which that is true. The clergypointed out the flaw and Galileo was ordered not to put forth this idea as proved.

Pope Urban VIII , who just as Galileo was a member of the Academyof Lynxes, a scientific societyformed in 1603, informallylifted these orders in 1633. There is ev i - dence that the Pope gave Galileo the opportunityto neutrallycompare the helioce n - tric theorywith the geocentric system of Ptolemy , and come up with a deductive proof.

But in the book he then wrote he patronized the Pope, who was greatlyoffended.

As a result Galileo was accused of disobeying the order of 1616 to stop his defense of the Copernican system. Even though Galileo could produce a letter that showed he was merelywarned instead of ordered, he was threatened bythe Inquisition, shown the ^instruments~ (of torture), and sentenced to house arrest for the rest of his life.

Hence, it was disobeying orders to stop using a fallacythat got him convicted bythe

Inquisition, and not committing heresy, since technicallythe Copernican system was never declared heretical ( Gingerich , 1992). However, todayscience accepts Galileo´s explanation. But is this because his reasoning is scientific?

4.3 Induction

A typical scientific explanation can never deductivelyfollow from what we already know or have observed, because most scientific hypotheses include assumptions and predictions about future or other not observed situations. It is logicallyalways poss i - ble that those situations will be different.

In his defense of the Copernican system Galileo not onlyneeded to defend a sc i - entific theory, but also a manner of reasoning. Galileo employed an inductive infe r - ence. The conclusion of an inductive inference can contain more or other information than its premises, hence it is not deductivelyvalid. Deductive inference preserves the truth of its premises so as to encompass its conclusion, while an inductive inference e x pands beyond them.

However, scientific reasoning is not void of deductive reasoning. Logicians co n - sider a sound explanation to be a deductive conclusion from a number of true h y - potheses. The problem with scientific hypotheses is that you can never know for sure whether theyare true. The philosopher Karl Popper stressed that what you validlycan know about a hypothesis is that it is false. If a hypothesis claims that all particulars of a type have a property, then onlyone particular of the type without that propertywill validlyi m plythat the hypothesis is incorrect.

At the beginning of this century, the philosopher Charles Sanders Peirce coined the term `abductive inference´ to distinguish Galileo ´s inference from other kinds of inductive inference like generalization (GEN). With generalization you infer that if a number of particulars of a type have a property, then all particulars of that type have that property. So for example:

The fact that a number of particulars of type A have propertyC is observed;

Hence, there is a reason to suspect that all A have propertyC

According to Peirce the function of abduction is ampliative , to introduce new ideas. A hypothesis suggested byabduction should contain predictions about other properties or other types of particulars as well. In his later work Peirce (1958, 5.188) put forward the following often quoted definition of abdu c tive inference:

^The surprising fact, C, is observed;

But if A were true, C would be a matter of course.

Hence, there is a reason to suspect that A is true.~

Abductive inference is actuallypart and parcel of everydaycommon sense reasoning.

But it seems that it can lead to the wildest of explanations, as Calvin can attest. But even though his father commits enough deductive fallacies to experience more of the

^instruments~ then just their sight, had he lived three centuries ago, his explanation is not problematic just because of its inductive nature. Both Galileo and Calvin´s father seem to follow the same inference. But then what makes Galileo´s inference differ from that of Calvin´s father´s?

4.4 Abduction

How does Peirce ´s definition of abduction compare to other kinds of inductive infe r - ences? Let us take a closer look at Peirce ´s inference scheme and our examples. We will address the similarities and differences. The examples are summarized in Table

4.1. The properties Hot and Rises are abbr e viated to H and R respectively.

Inference Premise 1

(Observed C)

Premise 2

(If A where true C follows, if)

Conclusion

(A)

GEN H(sun) Þ R(air) Æ " x H(sun) Þ R(x) *

DVS H(air) Þ R(air) sun part of air

H(air) Þ R(sun) *

CAU R(sun) H(air)

H(air) Þ R(sun) *

AA H(air)

H(air) Þ R(sun) * R(sun) *

DC Not R(sun)

H(air) Þ R(sun) * Not H(air) *

DA Not H(air)

H(air) Þ R(sun) * Not R(sun) *

AC Cools(air)

Sets(sun) Þ Cools(air) * Sets(sun) *

AC Phases(Venus)

Center(sun) Þ Ph a ses(Venus) Center(sun) *

Table 4.1: Summaryof examples of the discussed inference types

For an inference to fit Peirce ´s definition of abduction, Premise 1 should follow as a matter of course if Premise 2 and the Conclusion are both assumed to be true. If we compare the example inferences with this definition we notice that generalization

(GEN), division (DVS) and causality(CAU) fit the definition well. If the conclusion and Premise 2 are true, then premise 1 is also true. If a generalization is true, then the truth of a particular follows as a matter of course. In the division example Premise 1 follows based on premise 2 and the assumption in the conclusion that the propertyof a whole is also a propertyof its parts. If the causal implication in a conclusion and premise 2 would be true, premise 1 would follow by modus ponens . In sum, the i n - ferences GEN, CMP and CAU can be seen as special kinds of abduction, according to Peirce ´s definition.

The next two types in Table 4.1 do not fit the definition. Not remarkablythese are the deductivelyvalid inferences affirmation of the antecedent ( AA ) and denial of the consequent ( DC ). These will of course not fit a definition of an abductive inference.

In abduction the conclusion is an explanation, in deduction the premises are. Ho w - ever, in the example Calvin´s father used these inference kinds incorrectly, because he wronglyassumed the premises were true, to conclude the truth of the conclusion.

Denial of the antecedent ( DA ) fits the definition well. The implication in Premise 2:

if H(air) then R(sun) is logicallyequivalent to: if not R(sun) then not H(air). Not su r - prisinglythe affirmation of the consequence ( AC ) most resembles the definition of abduction. The observed fact C affirms the consequent of A Þ C, where A is the conclusion. Both the explanation of the sun set and the phases of Venus follow that infe r ence.

However, there is an important difference between the two. Premise 2, the impl i - cation if A then C, is true in the case of Galileo but uncertain in the case of Calvin´s father. The implications are actuallyof a different nature. One is itself a hypothesis and the other a logical consequence. The former consists of a so called material i m - plication and the latter of a logical or semantic implication. Let us take a closer look at the nature of implication and its role in Peirce ´s defin i tion.

Implications

A material implication is a conditional statement that connects two independent statements. These statements maybe either true or false depending on other cond i - tions. The material implication asserts that when the antecedent is true, the cons e - quent will also be true. Because of this propertyof the conditional statement it is a r - gued that the material implication can represent a causal relation between two events described bythe antecedent and the consequent. However, the truth of the conditional statement can alreadybe settled bythe status of onlyone of its constituents. The m a - terial implication is bydefinition alreadytrue when the antecedent is false or the co n - sequent is true. Let us look at Table 4.2 to fo l low this.

Antec e dent Cons e quent A ® C

True True True

False False True

False True True

True False False

Table 4.2: Truth table of the material implication

In Table 4.2 Isummarize all possible truth value combinations of a material implic a - tion. The material implication is false onlyif the antecedent is true and the cons e - quent is false. The statement "if the air cools down the sun sets" is such a statement.

It states that it will not happen that the sun does not set while the air does cool down

(row 4). It still allows for the possibilitythat the sun sets even though the air does not cool down (row 3).

Now let us look at Galileo ´s statement. If the planetarysystem is heliocentric, then

Venus will show phases. This implication differs in nature. The antecedent statement logicallyimplies the consequent statement, and manyothers. For instance it will also implyunder what conditions the sun will set. When you saythat the antecedent is true, you saythat all its consequences are true, byimplication. Formallywe saythat all models that make the propositions true that make up the antecedent of a semantic implication, will also make the consequent true. The models of the antecedent co n - stitute a subset of the models of the consequent. As a notation we will, following tr a - dition, use A |= C for semantic implication, and A ® C will denote material implic a - tion. For the language of predicate logic it has been proved that if C is semantically implied byA, it can also be deduced from A, written as A | - C, and vice versa.

Another important difference between material and semantic implication is shown bythe set of the inferences that each allows. Given that C is true, it can be inferred that A ® C is true, but you cannot infer the truth of A. Yet given that C is true, it cannot be inferred that A |= C is true, but you can saythat A is confirmed. However, this is onlythe case if A |= C is true. Even if you assume that A ® C is true, but A |=

C is not, then C does not confirm A. If it is known that A |= C is true, you can (non deductively) infer the truth of A if all its cons e quences are confirmed.

Let us return to the definition of abduction. ApparentlyPeirce meant "if A were true then C would be a matter of course" to be a semantic implication. Abduction based on a semantic implication will introduce a hypothesis that mayhave many other implications. Hence the use of the term abduction: it forces alien statements into the explan a tion.

A generalized material implication, such as " xy (A( x ) ® C( y )), mayalso entail new predictions, but theyare usuallyabout the same properties, A and C, and the same kind of objects, all x and ysuch that A( x ) ® C( y ). The antecedent of a semantic implication, such as A |= C mayentail predictions about different properties and o b - jects as well.

Galileo ´s inference was based on a semantic implication and Calvin´s father a s - sumed a material implication. But are abductions based on material implications u n - scientific? If that where so then we could not use laws to explain phenomena. The material implication "if the atmosphere pressure drops the air will cool down" could then not be used to explain whythe weather cools down. Even Galileo´s explanation of the phases of Venus would run into trouble. His hypothesis entails manymaterial implic a tions as possible consequences, e.g. (using abbreviations):

C: {position i of the sun and Earth ® phase j of Venus}

A: {Center(sun)} |= C: {position i of the sun and Earth ® phase j of Venus}

A: {Center(sun) *}

To explain a particular phase of Venus an abduction could infer a particular position of planets. That would not necessarilyneed a semantic implication to be scientifically acceptable. A law could be formulated that relates the position of the sun and Earth to the phases of Venus, that could explain a particular phase on the basis of a particular position:

{C: phase i of Venus}

{A: position x of the sun and Earth ® C: phase yof Venus}

{A: position j of the sun and Earth *}

In manyscientific areas not much more is known than material laws. So it maybe desirable for Peirce to infer a rich logical hypothesis, but a material implication is not unscie n tific byits nature.

Definitions

The main difference between affirming the consequence of a material implication and affirming the consequence of a semantic implication is a difference in category. The former is part of the latter. Let us call the former kind material abduction and the latter kind semantic abduction :

C C

A ® C A |= C material abduction semantic abduction

A A

To avoid confusion between the two Iwill adopt the following notation. Iwill use the propositions C, A ® C, and A, etc. to talk about statements that a semantic abduction reasons about. The premises and conclusion of a semantic abduction are sets that contain these statements. The first will be a set called P, containing a proposition about the world; the second premise a set H containing the hypothesis statement(s) that together with background assumptions B implies P. Ican now define the diffe r - ent kinds of a b duction as follows:

Definition 1 Semantic abduction. A semantic abduction is an inference that affirms the consequent of a semantic implication (ACS). Given the antecedent B È H that semanticallyimplies P, the affirmation of the consequent P infers hypothesis H:

Proposition P

Background B È Hypothesis H |= Proposition P

ACS

Hypothesis H: {*}

In this scheme the set containing onlya star {*} denotes a set of propositions with unknown truth value. A semantic abduction can encompass different kinds of indu c - tive inferences. Affirming the consequent of a material implication is just one special case.

4.5. Formation 51

Definition 2 Material abduction. A material abduction is an inference that affirms the consequent of a material implication (AC), as a special case of a semantic abdu c - tion.

Proposition P: {C}

Background B: {A ® C} È Hypothesis H: {A} |= P: {C}

ACS: {AC}

Hypothesis H: {A*}

The material implication A ® C could either be part of the hypothesis or belong to the established background assumptions B which should then be part of the antec e - dent of the semantic implication. Affirming the consequent of a material implication

(AC) is the typical example of a semantic abduction. But the other discussed indu c - tive inferences can be an instance as well, i.e. : denial of the antecedent (DA); div i - sion, attributing properties of wholes to parts (CMP); infe r ring causalitybetween cooccurring events (CAU); and generalization from particulars to groups (GEN); see

Table 4.3.

Explanation

(ACS)

Proposition

P

Background

B

Hypothesis

H

AC C(y)

A(x) ® C(y) A(x) *

DA Not A(x)

A(x) ® C(y) Not C(y) *

DVS A(p) ® C(p) p part of w

A(p) ® C(w) *

CAU C(y) A(x)

A(x) ® C(y) *

GEN A(i

2

) ® C(i

2

) A(i

1

) ® C(i

1

) " x A(x) ® C(x) *

Table 4.3: Some examples of explanation as semantic abduction (ACS):

given B È H |= P, proposition P affirms the consequent to infer H.

But if inferences with material and semantic implications are part and parcel of a b - ductive reasoning then we do not have an reason whythe hypotheses of Calvin´s f a - ther and Galileo differ. When is an abductive inference a scientific explan a tion?

4.5 Formation

There are in fact two verydistinct ways to understand the terms "abductive inference" and "scientific explanation". In the first waythe term is a verb and in the second way it is a noun. In the former sense it refers to the process of inferring and explaining. In the latter sense it refers to the product of that process. Abductive inference as defined byPeirce is first of all a process of inference. You assume two premises, and the co n - clusion of the inference is an explanation that could be co r rect.

But how do you know what specific hypothesis to infer? You could logicallyinfer manydifferent possible hypotheses that all would implya surprising observation.

(Whydoes the furnace not work? Is the switch broken? Is the gas pipe fractured? Oh wait a minute, did Ipaymybill? ) And on the other hand, coming up with onlya si n - gle explanation that would non-triviallyimplyall our observations is no trivial exe r - cise. Peirce ´s abductive inference scheme tells us nothing about what specific h y - pothesis to infer. He said: "The abductive suggestion comes to us as a flash" (1958,

5.181). His scheme onlytells us under what condition to infer a statement as a h y - pothesis.

In the 1930´s the philosopher Hans Reichenbach (1938) suggested that logicians should onlyaddress the problem of the nature of scientific theories and of their evaluation. The search and formation of new theories was taken to be an erratic and non-rational process that was not open nor relevant for a logical inquiryof know l - edge. He suggested a distinction between a context of discoveryand a context of ju s - tification in the studyof scientific knowledge. This served as a demarcation of the problems relevant for epistemology. The studyof the formation and discoveryof h y - potheses should be a problem for psychology. So according to Reichenbach ´s claim, logic should be able to evaluate a scientific explanation, regardless of how a hypoth e - sis was inductivelyinferred or conceived. A good scientific explanation should sa t - isfycertain logical conditions. One of those we alreadyencountered: an explanation should logicallyimplythe surprising observation. Byits definition we alreadyare sure that an abductive conclusion satisfies that condition. But both the explanation given byGalileo and that given byCalvin´s father do so. So the question remains:

what other conditions make an explanation scie n tific?

4.6 Explanation

Philosophers of science have long thought about the nature of a good scientific h y - pothesis. Theyset up certain conditions that would mark a valid and potentiallysu c - cessful explanation. We saw that anyproper explanation should deduce a proposition from the explaining assumption. This is, bydefinition, possible if H combined with background assumptions B semanticallyimplies P.

The set P maycontain particular propositions, such as the proposition that certain objects have certain properties at a certain time. It can also contain general propos i - tions, such as the proposition that all objects of a certain kind have a certain property, or that some object will have a certain propertyat a certain time. The background set

B and hypothesis set H mayalso contain both particular and general propositions.

General propositions in H and B can implyanother general proposition in P. T o - gether with an assumption about a particular theycan implyparticular propositions in

P. In empirical sciences explanations are sought for particular or general facts about the world that are observed or assumed to be true. We will use the set O to refer to propositions about the world that are regarded to be certain because theyare o b - served, given some crit e rion of proper observation.

In philosophyof science several conditions for a proper scientific explanation are proposed ( cf. Aliseda-LLera , 1997, Flach , 1995). We will introduce some of them.

There are both conditions for the explaining hypothesis and for the explained prop o - sition. Given background assumptions B, proposition P, observations O; hypothesis

H pro p erlyexplains P if:

4.6. Explanation 53

Conditions for the explaining hypothesis H:

HC

1

. Implication: B È H |= P

HC

2

. Consistency: H is compatible with B

HC

3

. Non-triviality: H |¹ P

HC

4

. Simplicity: H is minimal among the H´s were B È H´ |= P

Conditions for a proposition P that needs to be explained:

PC

1

. Observation: P is assumed to be true

PC

2

. Novelty: B |¹ P

PC

3

. Anomaly: B |= not P

PC

4

. Indifference: B |¹ P and B |¹ not P

If PC

1

and anyof the conditions PC

2

to PC

4

hold for a proposition, a hypothesis is required for which all conditions HC

1

to HC

4

hold. These are considered to be ideal conditions, proposed and defended bydifferent logicians. Let us go through them and at the same time see whether the heliocentric hypothesis of Galileo and the hot air hypothesis of Calvin´s father sa t isfythem:

Heliocentric hypothesis: H : {center(sun)} |= {phases(Venus)}

Hot air hypothesis: H: {air cools ® sun sets}

We alreadyencountered the first condition HC

1

. It dictates that an explanation of P consists in a deductive inference of P from B and hypothesis H. The philosopher Carl

Hempel (1965) calls this hypothetical-deductive inference. Bythis condition an e x - planation consists of either a denial of the consequent of a hypothesis (DCH) or an affirmation of the antecedent of a hypothesis (AAH):

Background B: {A} Background B: { not C}

Hypothesis H: {A ® C} Hypothesis H: {A ® C}

AAH DCH

Proposition P: {C} Proposition P: {not A}

In this wayif B and H are true then theyexplain P. If P is true then it confirms H a s - suming B. Both the heliocentric and the hot air hypotheses complyas we saw earlier in our discussion in Section 4.4.

The second condition (HC

2

) dictates that implications of B È H should not co n - tradict each other. That means that in case of contradiction either H or B should be substituted bya different set of propositions. The implication of the hot air hypoth e - sis appears consistent with our other assumptions. However, the Heliocentric h y - pothesis contradicts the assumptions of Ptolemy , which were part of the background knowledge that, in Galileo ´s time, was assumed to be true. Condition HC

3

is meant to prevent the use of ad hoc hypotheses. It dictates that an observed proposition should not solelyfollow from the hypothesis. It should at least depend on some other a s - sumptions that are not purelyhypothetical. Both hypotheses comply. The fourth co n - dition makes some requirements about the complexityof the hypothesis, given some interpretation of ^minimal~. Both hypotheses do not seem unnece s sarilycomplex.

In the next part of this thesis when we look at scientific practice, we will see that usuallyno employed hypothesis complies with all four conditions. It is usuallya r - gued that this fact does not mean that those hypotheses are unscientific or that the conditions are wrong. It is rather argued that the conditions define an ideal to be a p - proached byscience, given some justification for the conditions.

Now let us turn to the conditions for the explained proposition. Condition PC

1 states the assumption that a hypothesis in empirical science explains observations. If a consequence of a hypothesis is not observed, or on some other grounds certain to be true, then there is nothing to explain. While the four conditions for a hypothesis are each of them desirable, conditions PC

2

, PC

3

and PC

4

are disjunctive; onlyone needs to apply. PC

2

states that a proposition onlyneeds an explanation bya hypothesis H if it is not implied bywhat we alreadyassume. PC

3

states that the observed proposition is in contradiction with the implications of our earlier assumptions. Or the bac k - ground could be totallyindifferent about it, as stated byPC

4

.

The phases of Venus were a real anomaly(PC

3

) for the assumption of Ptolemy . So bythese conditions it required an explanation, which was properlyprovided bythe heliocentric hypothesis. Yet, together with the assumption that the earth evolves around its axis, the rising of the sun is alreadyexplained bythat hypothesis. It did not need another explanation. But logicallythere are always more explanations possible.

So again, what makes the former a better explanation than the latter?

4.7 Prediction

Karl Popper contended that an explanation is no scientific explanation if it cannot be tested. He maintained that, before anything else, scientific reasoning is the systematic search for errors in our assumptions. Peirce also argued that therefore a proper expl a - nation should at least predict propositions that are either novel, anomalous, or indi f - ferent with respect to current (theoretical) assumptions. It should predict a P that sa t - isfies conditions PC

2

, PC

3

, or PC

4

, but not PC

1

. Manywrong hypotheses mayexplain given observations, but true hypotheses will always correctlypredict a new uno b - served fact.

Logicallya prediction of a proposition can be considered to be the same as an e x - planation, it should deductivelyfollow from the hypothesis and background assum p - tions. But just as in the case of the definition of abduction we can make a distinction between affirming the antecedent of a material implication (AAH) or of a semantic implication (AAS). The former can again be part of the latter:

Definition 3 Semantic prediction. A semantic prediction is an inference that affirms the antecedent of a semantic implication (AAS). Given the antecedent B È H that semanticallyimplies P, the affirmation of the antecedent infers prediction P. Affir m - ing the antecedent of an hypothetical material implication (AAH) is the prototypical e x ample:

4.7. Prediction 55

Background B: {A}

Hypothesis H: {A ® C}

B: {A} È H: {A ® C} |= P: {C}

AAS: {AAH}

Proposition P: {C}

We can consider the affirmation of the antecedent of a semantic implication as the general definition of prediction. Affirming the antecedent of a hypothetical material implication (AAH) is the prototypical AAS that provides the best bait for catching the truth value of an hypotheses bytesting its prediction in the pond of nature. It is the ace of hypothesis testing. But others can be possible as well. A complete typology would be:

AAH: affirming the anteceden t of a hypothesis

DCH: denying the consequent of a hypothesis

DAH: denying the antecedent of a hypothesis

ACH: affirming the consequent of a hypothesis

HAA: hypotheticallyaffirming the antecedent of a background assumption

HDC: hypotheticallydenyin g the consequent of a background assumption

HDA: hypotheticallydenying the antecedent of a background assumption

HAC: hypotheticallyaffirming the consequent of a background assumption

The value of a prediction for a hypothesis can be measured bythe information we gain if we find out that the prediction comes true. We can call this its strength. In case of AAH a background assumption affirms the antecedent of a hypothetical i m - plication. One infers the strongest prediction, its truth value either confirms or refutes a hypothesis. It is also possible to hypotheticallyaffirm the antecedent of a hypothesis in the background assumptions (HAA). This is weaker because if the prediction P is observed it will not inform you about the truth of the hypothesis. But if not P is true it will refute the hypothesis, see T a ble 4.4 for all types.

Prediction

(AAS)

Background

B

Hypoth e sis

H

Prediction

P

If P is true then H is?

If P is false then H is?

AAH A A ® C C Co n firmed Refuted

ACH C A ® C A * Co n firmed Confirmed

DCH Not C A ® C Not A Confirmed ! Refuted

DAH Not A A ® C Not C * Confirmed ! Confirmed

HAA A ® C A C ? Refuted

HAC A ® C C A * Co n firmed ?

HDC A ® C Not C Not A ? Refuted

HDA A ® C Not A Not C * Co n firmed ?

Table 4.4: Types of prediction (AAS) of different strength: Given B È H |= P, bac k - ground B affirms the antecedent of hypothesis H to infer prediction P.

So the route from theoryto experiment is determined logicallybyan informative pr e - diction that can be tested. The strongest test, the one that provides the most inform a - tion, is always preferable. But there can be pragmatic problems to test it. The first problem is whether it is possible to observe the predicted propertyof a phenomenon.

If not, the prediction is useless as an empirical test for the hypothesis. Most effort in the defense of the heliocentric hypothesis for Galileo was put in constructing a strong enough telescope to observe the predicted phases of Venus.

Some predictions state a possibilitythat will not naturallyoccur. But can you cr e - ate an intervention such that the initial conditions for the possibilityare forced? This is not always possible. The latest technologyoften makes observations and interve n - tions possible that laybeyond our reach or sight without it. This makes technologyan epistemological factor. Other predictions can easilybe observed but will never occur according to the hypothesis. If theydo not, how will you know theynever will? Here lies the main problem of the hot air hypothesis.

P

9

If the air is hot the sun rises * Hot(air) Þ Rises(sun) *

This hypothesis logicallyimplies that either:

P

16

The air cools and the sun sets Cools(air) & Sets(sun)

P

17

The air is hot and the sun rises Hot(air) & Rises(sun)

P

18

The air cools and the sun rises Cools(air) & Rises(sun)

This is consistent with all our observations. But it also implies that it will never be so that the a n tecedent is true and the consequent is false, i.e. :

P

19

The air is hot and the sun sets Hot(air) & Sets(sun)

This is its onlytest opportunity, that is unobserved so far. So, the onlywayto test the hypothesis is to create a situation where the air is kept hot byan intervention, and wait for the sun not to set. But how can we do that? The hypothesis is testable in th e - ory, but not in practice. But does that make it an unscientific hypothesis?

4.8 Comparison

According to Theo Kuipers ( Kuipers 2000) the question about the rationalityof sc i - entific reasoning is not onlywhat it means to have a good scientific explanation, but also what it takes to have a better one. In this approach it is evaluated how one expl a - nation compares to another. The best hypothesis would implyall true propositions about a domain. But acknowledging that this is the ideal goal, the value of an h y - pothesis is measured byhow far it might be awayfrom that goal in comparison with another hypothesis. A hypothesis that includes more true propositions then a co m - petitor and has less counterexamples might be closer to the truth. This intuition is formalized in a rule of success. This inference rule is not deductive in nature, but a b - ductive. If the more successful theorywould be closer to the truth that would explain whyit is more successful. In this light Calvin´s father´s explanation is not so much

4.9. Conclusion 57 unscientific, but just not as good as Galileo ´s, because next to explaining the phases of Venus, it also explains other phenomena such as stellar parallax. Yet there are more conditions formulated that characterize a good scientific explanation. In Cha p - ter 6 Idiscuss how one of them, the simplicityof a theory, is related to the probability of its predi c tions.

4.9 Conclusion

In this chapter Iasked the general question: what is the rational use of theoryand e x - periment in the process of scientific discovery, as proposed in the studyof logic?

More specificallyIlooked at logical prescriptions for scientific theories and scientific reasoning. To address these topics Idiscussed an illustrated example that contains a series of inferences that are marked as fallacies from the viewpoint of logic and a r - gumentation. Yet Iargued that these inferences are common in science and part of abductive inference as defined byC.S. Peirce . Ifurther made a categorydistinction between semantic abduction and material abduction. Iargued that the latter, as well as other types of inductive inference, constitute a special type of the former under this definition.

Ifirst discussed the validityof deduction, induction, and more specificallyabdu c - tion in scientific reasoning. Scientific reasoning includes inferences about hypotheses of which we do not or cannot know whether theyare true. What logic tells us most importantlyis what a valid inference looks like. It defines under what conditions we can safelyaccept the conclusion of an argument. In the case of deduction we know that the conclusion is true when the premises are true. In the case of abduction or e x - planation we can know that the premises are true, but we have no guarantee for the conclusion. What valid reasoning can do is check whether the conclusion of an infe r - ence satisfies certain conditions. For explanation it can check whether a hypothesis is e.g. successful, non-trivial or consistent. But these are ideal conditions that still do not determine its truth. Yet theymaybe functional for establishing its similarityto the truth. Iargued that prediction is not just deduction. A good prediction with the aim to test a hypothesis should satisfyother conditions as well.

In sum, what is rationalityin scientific discovery? According to logic scientific discoveryis a process of observing, describing, explaining, predicting and interve n - ing in natural phenomena. A phenomenon is empiricallydiscovered byobserving it in the world. An explanation of that phenomenon maypredict the existence of other phenomena that could be observed or created bya specific intervention in an exper i - ment to test that prediction. As an answer the specific questions of this thesis from

Section 1.3, we maynot that accor d ing to studies in logic the following holds:

Question 1 What is the structure of a scientific theory? Theories are logicallyrepr e - sented as a set of hypothetical propositions H that together with propositions d e - scribing background assumptions B semanticallyimplythe propositional facts P they e x plain, i.e. B È H |= P.

Question 2 What is the process of scientific reasoning? The process of reasoning is different for the explanation and prediction of facts, see Table 4.5.

Problem Premise Bac k ground Inference Conclusion Properties

Explanation P B Abdu c tion H: {*} B È H: {*} |= P

H is minimal

Prediction H B Deduction P: {*} B È H |= P: {*}

P is inform a tive

Table 4.5: Short overview of the inference types discussed in this chapter

Explanation of a phenomenon involves the abduction of a simple hypothesis from which the properties of an observed instance of that phenomenon can de deduced.

Induction, as conceived as the generalization from the propertyof one instance of a categoryto all instances, is in this sense a special kind of abduction. Prediction i n - volves the deduction of informative consequences from a given h y pothesis.

Question 3 What is the route between theoryand experiment? The route between theoryand experiment typicallyinvolves six steps (explanation follows):

1. Observation of a phenomenon P: observe p m

and p n

2. Description of P: P: {A(p m

) ® C( p n

)}

3. Explanation of p bya new hypothesis: B È H: {*} |= P

4. Prediction bya hypothesis: B È H |= P: {A(p i

) ® C( p j

) *}

5. Intervention in an experiment: create A(p i

)

6. Observation in an experiment: observe p j

An observation of a phenomenon p in step 1. consists in observing natural objects such as e.g. p m

and p n

. The description of p in step 2. consist in categorizing the properties of the phenomenon, e.g. in A and C, and making a statement about those properties, e.g. A ® C. After finding an explanation, in step 3., that implies that statement, a prediction could be deduced in step 4. This prediction can include that if an object p i

has propertyA, then object p j

will have propertyC. In step 5. the situ a - tion A(p i

) can be forced byan intervening experiment. The last step, observing the consequence of the intervention, closes the circle bybeing of the same kind as the first step. The experimental discoveryof the truth value of the prediction either r e - futes or confirms the hypothesis (or a background assumption). A more advanced logical approach can evaluate an hypothesis bycomparing its success with that of competing hypotheses.

In the next chapter Iwill discuss rationalityin the process of scientific discovery in terms of the studyof cognition. In this approach rationalitycan be understood as part of learning to solve problems heuristically.

* * * *

Chapter 5

Cognition

5.1 Introduction

In cognitive science, rationalityin scientific discoveryitself is being studied as an interesting cognitive phenomenon. One popular view is taking scientific discoveryas just a form of human problem solving (Langley et al. 1987). One of the most succes s - ful theories about human problem solving is developed byJohn R. Anderson (Ande r - son 1993, Anderson & Lebiere 1998). It is called ACT-R, meaning Adaptive Control of Thought ˘ Rational. The ACT-R theorydeals with the cognitive mechanisms of learning and rational behavior. It aims to explain how people make an assumption or take an action to observe or change something in the world, in such a waythat the probabilityto achieve a specific goal is high and the cost of time to achieve it is low.

ACT-R is implemented in a computer program to test the performance of specific models of problem solving strategies.

The general question of this chapter is: what is rationalityin scientific discovery, according to the psychological studyof cognition? As a general model of human cognitive abilities, ACT-R should also be able to model specific cognitive processes involved in scientific problem solving. In this chapter Iinvestigate how it could do that. The particular question that is answered in this chapter is: how can one unde r - stand and model scientific discoverywith ACT-R?

Iwill first, in section 5.2, introduce a distinction between primaryand secondary epistemology. Analogouslyto these types Imake a distinction between primary(or native) and secondary(or acquired) processes of cognition. Iwill use this distinction to discuss how beliefs, goals and search methods are created, selected and evaluated according to the ACT-R theoryin section 5.3 to 5.5. In section 5.6, Idiscuss how sc i - entific discovery, as modeled in Simon and Langley ´s BACON.1 (Langley et al 1987) and Thagard ´s PI( Thagard 1988) can both be modeled in ACT-R as similar forms of abductive inference. Idemonstrate and discuss how ACT-R´s primarymechanisms nicelysubsume PÍ s hypothesis evaluation process. Then, Idiscuss BACON.1´s search methods and how theycan be learned byanalogyfrom examples. In section

5.7 Idiscuss the nature of theoryand method in the different models. 5.8 discusses the difference between the logical and psychological views on explanation and pr e - diction. Iend this chapter in section 5.9 with a discussion and general conclusion, answering the specific questions from se c tion 1.3.

5.2 Primary and secondary

The claim that philosophyof science can learn something from cognitive psychology is endorsed bythe philosopher Alvin Goldman . He argues that epistemology, the studyof justified belief, should take explicit account of empirical studies of cognitive processes (Goldman 1986). Among the manyfactors that influence the forming of belief he distinguishes basic cognitive processes from acquired belief forming met h - ods.

The first category, basic processes , include processes of perception, memory, a t - tention, concept formation, problem solving, learning and reasoning. Goldman argues that these natural or native processes are suitable objects for normative epistemic evaluation, and comprise the domain of primary epistemology. Secondary epistemo l - ogycomprises the normative evaluation of acquired belief forming methods like a l - gorithms, techniques or procedures. A method can either be a general, topic neutral, or a task specific procedure for arriving at beliefs.

In forming a belief, basic processes and methods are intrinsicallyintertwined.

When someone needs to solve a problem and several methods are available, the basic processes determine which method is applied, and also which new methods are cr e - ated or added. So evaluating a resulting new belief depends on the reliabilityof both the basic processes and the specific a p plied method.

So in short, primaryepistemologyis concerned with the evaluation of basic, i.e.

native or natural, cognitive processes, and secondaryepistemologyis concerned with the correctness of acquired belief forming methods. To explain how such processes and methods are explicated in the ACT-R theory, Iwill first use Goldman ´s distin c - tion to differentiate between two general types of cognition, i.e. primaryand seco n - daryco g nition.

By primary cognition Imean native or basic cognitive processes and structures, whereas by secondary cognition Imean acquired cognitive processes and structures.

In this waywe can also distinguish acquired structures , like beliefs and goals, from basic structures, like the memoryactivation values used bybasic or primarycognitive processes in ACT-R.

5.3 Declarations and procedures

Anderson ´s ACT-R explains human (problem solving) behavior as the result of ac t - ing according to two types of knowledge: declarative and procedural knowledge (A n - derson 1993). Declarative knowledge consists of declarations of beliefs and goals, and resides in a person´s declarative memory. Procedural knowledge consists of pr o - cedures that can create and modifya persons beliefs and goals. It contains our cogn i - tive skills, or our know how . In ACT-R declarative knowledge is represented as a collection of memorystructures called chunks. A chunk is an abstract representation of a belief or goal structure. Its basic elements consists of a list with slots and slot values. For example:

5.3. Declarations and procedures 61

( Johannes_Kepler

ISA person

BORN "27 December 1571"

PROFESSION scholar

ACHIEVED "discovery laws of planetary m o tion"

FEARED-MOST "invasion by the Turks"

ETC ...)

The ISA (`is a´) slot value represents the type of the chunk, and can be seen as a co n - cept type name. Everyconcept type has the same slot-names, or concept attributes.

So in our example, a person is something with a date of birth, a profession, etc. A slot value can in its turn also be a chunk. In this waydeclarative knowledge is structured in a network of memorychunks. In our example:

(scholar

ISA profession

ACTIVITY research

ETC ...)

Procedural knowledge, or know how, is represented byproduction rules, or produ c - tions for short. Such a rule consists of a set of conditions and actions. The conditions, or left hand side (LHS), of a production can match with memorychunks which sa t - isfygiven constraints. When a matching succeeds, certain actions can be performed which are specified in the action, or right hand side (RHS), of a production. For e x - ample:

( SUBTRACT

=goal>

ISA subtract

VAR1 =x

VAR2 =y

ANSWER nil

=addition-fact>

ISA addition-fact

ADDEND1 =y

ADDEND2 =z

SUM =x

==>

=goal>

ANSWER =z)

This production uses declarative knowledge of an addition fact to find the answer for a subtraction problem. A string with an `=´ sign is a variable that is bound to a value bymatching a chunk. The LHS, before the arrow, matches against anygoal of which no answer is known and a fact (an addition fact in the example) that satisfies the va l - ues =x and =yof the goal slots. In the RHS, after the arrow, the found value =z of the addition fact is added to the

ANSWER slot of the su b tract goal.

In summary, this is what ACT-R poses that human problem solving is all about:

matching productions (skills) to memorychunks (beliefs and desires). We can say that the chunks and productions themselves, constitute secondarycognition. A me m - orychunk is an acquired structure, a production is an acquired process. However, the processes that ACT-R reallyis about are the (native) mechanisms about how and what memorychunks and productions are used in problem solving.

In human problem solving often several (possiblymutuallyinconsistent) belief chunks can match a production´s LHS. And for a given problem goal more than one production mayapply. The ways the cognitive mechanism efficientlyevaluate alte r - native chunks and productions constitute the main aspects of primarycogn i tion.

5.4 Structures and processes

In Table 5.1, Isummarize the main cognitive mechanisms according to the ACT-R theory, explicating their primaryprocesses and structures. In the process of problem solving, (secondary) knowledge, containing of chunks and productions, is created, selected and evaluated by(primary) learning mechanisms. (This section discusses the

ACT-R architecture up to version 3, primarilybased on Anderson (1993).)

Cognitive mechanisms Primary processes Primary stru c tures

Creation of chunks by:

Concept-formation (Specifying chunk types) (Basic types?)

Perception Specifying (new) chunks (Constraints?)

Productions (RHS) Specifying RHS chunks -

Selection of chunks by:

Productions (LHS) Matching LHS chunks -

Goal focus Goal stack control -

Activation Preferring high A i =B i +S j W j S j i Value A i

Base-level activ a tion Computing & learning B i Value B i

Salience strength of j to I Computing & learning S j i Value S j i

Association of i with j Computing W j Value W j

Evaluation of chunks by:

Activation Preferring highest A i Value A i

Creation of productions by:

Analogy Generalizing example chunks Special slots

Selection of productions by:

Goal focus Matching LHS to goal focus -

Chunks Matching LHS to chunks -

Matching time (latency)

Preferring low T p = S i e ˘ (A i

+ S p ) Value T p

LHS chunks activ a tion Computing & learning A i Value A i

Strength of produ c tion Computing & learning S p Value S p

Eval. of productions by:

Expected gain Preferring high value E = PG ˘ C Value E

Probability of success Computing P = qr Value P

Prob. of intended effect Computing & learning q Value q

Prob. of suc. a f ter firing Computing & learning r Value r

Value of the goal Specifying value G Value G

Cost of production Computing C = a + b Value C

Cost of firing pr o duction Computing & learning a Value a

Cost of actions after fi r ing Computing & learning b Value b

Table 5.1: Primaryaspects of ACT-R´s cognitive mechanisms

5.4. Structures and processes 63

Table 5.1 summarizes the primaryaspects of ACT-R´s cognitive mechanisms (ve r - sion 2.0). In the first column Ilist different kinds of primarycognitive mechanisms.

These essentiallycontrol the creation, modification, selection and evaluation of se c - ondarycognitive structures (memorychunks) and processes (productions). The pr i - marycognitive mechanisms consist of primaryprocesses (column 2), guided by, and modifying primarystructures (column 3). Iwill discuss them brieflyin the following subse c tions.

Creation

In the ACT-R theory, memoryis ordered by types of memorychunks. A concept like

`person´ in the example above, is supposed to have a given template of attributes.

Everyinstantiation of a concept shares the same attribute slot names, but differs in their values. If you want to add something to memory, a concept type is necessary.

But how do concepts come about in ACT-R?

In anycognitive creation or modification process we can make a distinction b e - tween the process that actuallymakes the creation or modification and that what is created or modified. In connectionist theories of cognition we often see that both are the same, that the concept creation process `decides´ on the concept types `on the run´. In ACT-R there is no primaryprocess specified that creates types, and the th e - oryis silent about what types there should be. The modeler has to define them up front. Chunk types can also not be created or changed bylearned productions, while chunk type instantiations can. So it is not clear whether we can consider concept types as primaryor secondarystructures, and if there are anybasic constraints, or even b a sic or native types (like JerryFodor suggests).

The process of perception can add new chunks to memory. Again we can saythat in ACT-R the process of adding them is a primaryprocess. Yet how perception is constrained byconcept types, or guided byproblem solving is not defined in ACT-R, but in the perceptual/motor extension of the theoryACT-R/PM. Iwill not go into this extension here (see Anderson & L e biere 1998).

Finally productions can add and modifymemorychunks. That is what ACT-R is

(mostly) all about, how and which productions modifyand add chunks to memory.

Once a chunk is added it will never be deleted. Its worst fate is never to be recalled.

How, and what chunks are recalled is governed byprocesses of chunk selection. Pr o - ductions themselves, as representations of learned skills, can onlybe created and added bya primaryprocess of analogy. To connect actions to conditions, ACT-R starts out with a declaration of a problem example and its solution. When another problem of the same type is encountered, analogywill generalize a solution strategy from the known example. How that process works is discussed in the next section.

Selection

In a process of problem solving the selection of relevant chunks and productions is constrained in several ways. The main guiding mechanism of problem solving in

ACT-R is goal focus . Goal focus is a kind of pointer to a chunk saying, ^this chunk represents the goal Iwant to achieve~, which in ACT-R means ^that is the chunk a production should match with~. ACT-R does not sayhow goal focus is initially specified. How a person is motivated to desire the accomplishment of a goal, ho w - ever, is determined rationallyin ACT-R. After setting the first goal, several primary and secondaryprocesses influence how to achieve that particular goal byspecifying and focusing on subgoals. The action, or right hand side (RHS) of a production can shift focus to another goal, which is implemented bya push of a new goal on stack .

When a production has achieved the new goal, it can pop it from the stack, thereby changing focus to the next goal b e low it on the stack.

When an initial goal is set, ACT-R first selects a set of potential productions that can match with it. For a production to match, the given goal must be the first part of the production´s condition or left hand side (LHS). An LHS usuallycontains other chunks which should match as well, given specified constraints, and need to be r e - trieved from memory.

ACT-R also models latency , which is the time it takes to match a production to memoryand perform the action. How long that takes depends on the activation of the chunks needed. The latencies in the model should reflect the latencies in reaction time of subjects, measured in ps y chological experiments.

Activation is a basic propertyof everychunk. A chunk´s activation value is the r e - sult of its prior base level activation plus the contribution of chunks that are part of the current goal context. This value increases with use. A primarylearning process increases the association between two chunks everytime theyare both needed to solve a problem. According to Anderson , a chunk´s activation denotes its posterior

(logarithmic) odds that it will be needed in a given context, and the learning process is supposed to give the best estimate of that chance. When a chunk is not used its a c - tivation decays logarithmically. When it drops below a certain threshold, it can no longer be retrieved in the current context. Another context might however contain the right cues to boost the activation above the threshold again, re-enabling retrieval.

Next to chunk activation, a production´s strength also controls production selection.

A production´s strength increases after use, and is learned accordingly. Again its strength denotes its (logarithmic) odds of being needed.

So in sum, when focus is set to a goal, primaryprocesses in ACT-R start to select productions that can match with it. A set of alternatives is graduallyselected, d e - pending on the activation of chunks in the productions´ LHS, and the strength of the produ c tions.

Evaluation

When several chunks can match a production´s LHS, the chunks with the highest a c - tivation will be used. However, that is not the case for productions. Next to the time it takes to retrieve relevant productions, other primaryevaluation processes contri b - ute to determine what production will determine the next a c tion.

During selection, potential productions are evaluated simultaneouslybya primary process of rational analysis. This process diagnoses whether a given production is worth it to be fired. In order to do so it takes three estimations into account: the pro b - abilitythe production will be successful (P = qr ); the value of the goal that is desired

(G); and the cost of firing that production (C = a + b ). A production´s probabilityof success is a product of the probabilityof its intended effect ( q ) and the probabilityof achieving the goal after having achieved intended effort ( r ). The cost of a production is the result of adding the cost of the cognitive effort to fire the production ( a ) with the cost of actions needed to reach the goal after firing the production ( b ).

For example, if your goal is to lessen your thirst, and you are in front of a coffee machine, a production maybe evaluated that urges to throw a coin in the machine to get a cup of coffee. Now q is the estimation that the machine will indeed return a cup, and r is the chance that onlyone cup will quench your thirst. The quantity a denotes the effort of putting in a coin, while b stands for the effort of emptying the cup. The quantities q and a can be estimated byrepeated applications of the production. For example, if the machine is old and failed a number of times in the past, q will be low.

The quantities b and r are more difficult to estimate because theymayrefer to yet unknown actions. Anderson ´s solution is to base their estimates on how much the state achieved bythe production differs from the desired goal. If the action of putting in a coin fails to provide you with a coffee, it is less likelythat you will quench your thirst ( r´ ) and more effort will be needed to get a drink ( b´ ). And in general the more effort alreadyspent, the less likely you will achieve your goal at all, so the lower the pro b ability( r´ ).

The production with the highest estimated gain E (= PG-C) of the selected pr o - ductions is generallypreferred. In this waywhen the value of a goal or the probability of its success is high, the cost of a production plays a less important role. When you know the coffee machine often fails and is situated on another floor of the building, the cost of walking to it maynot be worth one´s while. But when you are really thirstythe cost loses out to the value of the goal. The best production rule given its

PG-C is not always selected, but it has the highest chance of being fired.

When a production finallyfires, its RHS or action side will be executed, changing beliefs or goals, or initiating hand an eye movement, like looking for the slit on the coffee machine and putting a coin in it. After firing, a new (sub)goal maybe set by the production or from the goal stack, and the process of selecting, evaluating and firing a production starts all over. ACT-R stops when the initial goal is achieved and popped from the goal stack.

5.5 BACON and PI

In this section Idiscuss two computational models of scientific discovery, and how the structures and processes of these models can be modeled in ACT-R. Typical sc i - entific problems are searching and evaluating descriptions and explanations for inte r - esting observations. Herbert Simon and Paul Thagard proposed different explanations about how scientists (could) solve those tasks. Theyboth modeled their theoryin computer programs, respectivelycalled BACON and PI.

The first of the BACON programs models the search for simple quantitative laws that describe the numerical data of observations, like Kepler ´s third law of planetary motion and Boyle´s gas law. PIsearches and evaluates qualitative explanations, like the explanation of the propagation of sound from its being a wave.

In PI, new hypotheses are searched and evaluated through a primaryprocess of abduction and inference to the best explanation (IBE). In this section Iwill argue that abduction is better thought of as a secondary acquired process in ACT-R, generalized from examples byanalogy, while IBE is subsumed byACT-R´s primaryprocesses. I will further demonstrate that the heuristic search method for laws as implemented in

BACON.1 can also be learned from e x amples.

Simple abduction in PI

Paul Thagard ´s theoryof cognitive inductive processes, modeled in PI(processes of induction), includes several forms of abduction. Iwill consider its simplest form.

Abduction, as discussed in Chapter 4, is a form of inductive inference. It is inductive in the sense that the truth of the conclusion of the abductive inference does not follow from the truth of the premises. As stated in Chapter 4, Peirce defined abduction as follows:

(P

1

) ^The surprising fact, C, is observed;

(P

2

) But if A were true, C would be a matter of course.

(C) Hence, there is a reason to suspect that A is true.~

In Peirce ´s original definition the selection and evaluation of explanation A is all part and parcel of the same inference. But usuallynot onlythe truth of A would make C a matter of course. SayB could also lead to the truth of C. So clearly Peirce ´s defin i - tion is not enough for an inference to the best explanation. Thagard made a clear di s - tinction between the inference of possible explanations for surprising facts, and their evaluation. Peirce ´s original definition of abduction is a clear form of inferring from

P

2

a possible explanation for P

1

. But before jumping to conclusion C, other known premises like P

2

should be considered first.

Thagard defined a separate process to evaluate the resulting set of possible expl a - nations, and called that process inference to the best explanation (IBE). Thagard d e - fined IBE as an inference to a known explanation which explains the highest number of other known facts, needing the lowest number of auxiliaryhypotheses as bac k - ground assumptions. An explanation´s value can be calculated bysubtracting the number of auxiliaryhypotheses from the number of explained facts. In that way, adding an explained fact ad hoc byan auxiliaryhypothesis makes no difference for an explan a tion´s value.

In PI, abduction and IBE are modeled as a process of problem solving. An expl a - nation problem is represented bya basic memorystructure, including the slot

START containing context facts, and the slot

GOAL , containing the explananda, the facts to be explained. Theories are represented as (secondary) processes called rules , with slots

CONDITION , which contain premises and

ACTION , containing conclusions. When a problem is set, a primaryprocess of spreading activation activates rules linked to the problem slots. Onlyactive rules are used to infer possible explanations for the slot value of

GOAL . IBE decides which explanation is the most favorable. For example, we have three possible explanations of an observation E, represented in three rules. Act i - vation from E activates the rules, which generate possible explanations byabduction.

IBE selects the best as a conclusion of solving the explanation problem, see Table

5.2.

In PI, rules, problems and concepts all have basic structure types. Among the basic slots are

ACTIVATION , STRENGTH , and

OLD - MATCHES . The processes of activation, a b - duction and IBE are all primary. Onlyinstances of concepts, rules and problems are secondary. IBE in PIis a process speciallyused for making evaluations of abdu c - tions, which onlyoccur during explanation problems.

Explanation Structure Process Example

Premise

EXPLANATION

START F (is known to be true)

GOAL E (is to be explained)

Background

RULE-1 CONDITION H1 ACTION E

RULE-2 CONDITION H2 H3 ACTION E

RULE-3 CONDITION H4 ACTION E F

Inference Activation ( E activates rules 1 to 3)

Abduction

H1, H2&H3, H4 ( possible explan a tions)

IBE H4 (explains the most facts with the least auxiliaryhypotheses)

Conclusion H4 (is the best explanation)

Table 5.2: Explanation as modeled in the PIprogram

Abducti on IBE

Activ ate:rul es/concepts(PI);

producti ons/chunks(ACT-R)

Probl em (PI)

Goal (ACT-R)

Match: rul es(PI);

producti ons(ACT-R)

Probl em solv ed? Try anal ogy

(PI &ACT-R)

PI:

Store sol uti on (PI)

Nex tgoal (ACT-R)

yes

no

Fi rebest: rul e(PI);

producti on (ACT-R)

Selection

Evaluation

Figure 5.1: Problem solving in PIand ACT-R

Problem solving in ACT-R is similar to that of PI(see Figure 5.1), but with a few important differences. In both PIand ACT-R memorystructures match with rules, which can add to memoryand influence problem solving control. Yet productions in

ACT-R are of a different type than PÍ s rules. Theyrepresent a skill, and not an e x - planatoryrelation. And, more important for modeling explanation, ACT-R lacks a primaryabduction mechanism. Because of the nature of the ACT-R theorysuch a primarymechanism is not appropriate. Productions in ACT-R are steps of practiced problem solving, generalized from example problem solutions byanalogy(PIcan also employanalogyto suggest rules, but Iwill not go into that here). So if a cogn i - tive model in ACT-R needs to employabduction in problem solving, then the abdu c - tion inference rule has to be learned first. And that turns out to be no problem at all.

Learning abduction by example - part 1

The ACT-R theoryassumes that part of the process of solving a particular problem, is trying to recall an example of a problem that was solved earlier and had a goal similar to the current problem. When such an example problem is retrieved from memory, the structure of that example problem, and the solution of that example problem, is mapped to the current problem. When the solution of the example problem can be used to solve the current problem, a production rule is proposed, as a generalization of a strategyfor solving problems that share the particular goal. It is currentlya s - sumed that all procedural skills, represented byproduction rules, are learned bythis process of generalization from declarative exa m ples.

The discussion and models in this section are based on the analogymechanism of

ACT-R, release 3.0. The details of implementing the mechanism of analogyhave been changed in the 4.0 version that was introduced after Iwrote this chapter.

Learning byexamples in ACT-R is stu d ied extensivelyby Niels Taatgen (1999).

In this subsection Imodel an example of Paul Thagard´s from his ( Thagard 1988).

He tells about his encounter with a group of outrageouslydressed persons at the ai r - port. He wonders whytheses people are dressed up that way. Maybe theyare rock musicians, he thinks, because rock musicians usuallydress outrageously. ACT-R has to know onlythis example to generate, byanalogy, a production that can make sim i - lar abductive inferences in the future.

As a similar explanation problem Iuse another example from ( Thagard 1988). In this simple historical example the goal is to explain whysound propagates. It is known that waves propagate, so maybe sound is a wave. Istarted out with the fo l - lowing memorychunks:

(Example-Problem

ISA explanation-problem

GOAL Dressed-Outrageously)

(Example-Rule

ISA pi-rule

CONDITION Rock-Musician

ACTION Dressed-Outrageously)

(Example-Solution

ISA explanation-solution

EXPLANATION Rock-Musician)

(Example-Dependency

ISA dependency

GOAL Example-Problem

SUBGOALS Example-Solution

CONSTRAINTS (Example-rule))

(Problem-1

ISA explanation-problem

START sound

GOAL Propagates)

(Rule-1

ISA pi-rule

CONDITION wave

ACTION Propagates)

The example-dependencychunk is used (In AC-R 3.0) to represent the link between a problem chunk and the chunk that represents the solution to that problem. The co n - straint slot is used to represent that additional chunks that where involved in solving the problem.

The slot values

Rock-Musician , Dressed-outrageously , Propagates , and

Wave are also added as memorychunks of type concept . This chunk type also has a slot

INSTANCES , which is filled with

Sound for concept

Propagates . The goal focus is set on Problem-1 , which represents the problem to explain whysound propagates.

When ACT-R is started it first tries to match the goal

Problem-1 with available productions. After failing to do so (there are none defined) ACT-R searches for an analogous problem and finds

Example-Problem . The special dependencychunk is used to find its solution. ACT-R uses the

Example-Rule to map the solution to the problem, and uses it to make a new production. It then tests whether the new produ c - tion will match the focused goal. Onlyif that succeeds will the new production be added to production memory. In myexample ACT-R produces the following produ c - tion:

(EXPLANATION-PROBLEM-PRODUCTION0

=Example-Problem-Variable>

ISA explanation-problem

GOAL =dressed-outrageously-variable

=Example-Rule-Variable>

ISA rule

CONDITION =rock-musician-variable

ACTION =dressed-outrageously-variable

==>

=Example-Solution-Variable>

ISA explanation-solution

EXPLANATION =rock-musician-variable

!focus-on! =Example-Solution-Variable)

The first condition chunk matches with

Problem-1 and the second with

Rule-1 .

As a result the production creates a solution and changes focus of attention to it. This rule now serves as a secondarysimple abduction process, generating hypothetical e x - planations, given explanation problems and rules that mayexplain it. The resulting explanation for the example is:

(**Example-Solution-Variable$1>

ISA explanation-solution

EXPLANATION Wave)

This example has onlyone rule to abduce from. Usuallyseveral rules can be used to generate an explanation. Thagard employed IBE in PIto evaluate possible explan a - tions before jumping to a best conclusion.

It can be argued that the general idea of Thagard ´s IBE is subsumed byACT-R´s primary, processes that subsymbolicallyselect and decide which chunks and produ c - tions to match. Thagard ´s IBE favors the hypothesis that explains most known facts with the least number of auxiliaryhypotheses. So there is a constraint on explanatory success and hypothesis simplicity. The simplicityconstraint is met byACT-R´s pr i - maryprocess of latency, which is related to the probabilistic evaluation whether a chunk is relevant in a particular context. A more complex rule will contain more chunks in the condition, which will take longer to match. So more simple hypotheses will be considered first. Yet a verysuccessful rule will have a higher activation b e - cause it is associated with more active facts in memory. So the constraint on e x - planatorysuccess, is met bythe process of preferring high activ a tion.

One could compare the effect of the activation of chunks as a result of their pro b - abilistic association with other chunks in ACT-R, with the effect of the activation of propositions as a result of their explanatoryrelation with other propositions in

ECHO, Thagard´s refined explan a tion evaluation model ( Thagard, 1992).

Yet, several other factors, such as the production´s expected gain (PG-C) value, playa role in the final decision to fire a rule. Hence ACT-R might not always come to similar conclusions as PI. Whether ACT-R´s conclusions are more plausible is a n - other question altogether, belonging to primaryepistemology. However, because of the fact that ACT-R is a more sophisticated model of primarycognition than PIis,

ACT-R is likelier to make abductive inferences that are closer to actual human pro b - lem solving. Whether that is relevant for epistemologyis discussed in section 5.8.

Heuristic search as abduction in BACON

The BACON models (Langley et al, 1987) constitute a set of productions that tryto find algebraic laws that describe given numerical observations. Several versions of

BACON were originallyimplemented as a set of productions in the problem solving architecture PRISM, an old cousin of ACT-R (theyboth have ACTE as an ancestor).

Hence it was relativelyeasyto model BACON.1 in ACT-R. Yet, a distinguishing claim of the ACT-R theoryis that productions are not learned passivelyby e.g. rea d - ing, but byanalogyduring problem solving, bydoing. Therefore Itried to model learning BACON´s main productions byanalogy. Doing so made apparent that in fact

BACON´s heuristic search method makes use of abductive inference in a waysimilar to PÍ s method.

The first of the BACON series searches for simple algebraic laws, which are all of the form X k Y l = a X m Y n +b . It tries to find appropriate values for k, l, m, n, a and b given a set of different observed values for X and Y. Laws that fit this template are, for example, Kepler ´s third law of planetarymotion D 3 P 2 = k , Boyle´s gas law PV= c ,

Galilei´s law of acceleration D/T 2 = g , and Ohm´s law IL=- r I+ v .

BACON.1´s search starts out with two observational terms X and Y, together with a set of values. For example, X is (1 2 4) and Y is (1 0,5 0,25), meaning that when X is 1 Y is 1, etc. The next step is to combine two terms as a product or a ratio and evaluate the resulting set of values, e.g. X*Y is (1 1 1). When the values of a term are found to be constant, a law is inferred. In the example X*Y= c . The same happens when two terms are related linearly. If the new term does not turn out to have co n - stant values, or to be linearlyrelated with other terms, then it can be used to make a next new term bycombining it with the other available terms, e.g. (X*Y)*Y.

The BACON productions do not produce new terms at random, but heuristically .

A heuristic method does not guarantee that a solution will be found, but often a sol u - tion can be found without evaluating everypossible solution bybrute force search.

BACON.1´s heuristic term generation is implemented in productions called Increa s - ing and Decreasing. These productions determine what new term to consider as a possible law. Given that the absolute values of two terms both increase Increasing suggests to consider their ratio as a new term. Decreasing suggests to consider the product of two term when the absolute values of one terms decrease while the abs o - lute values of the other increase.

These productions, together with the main productions that implement the search process are listed in Table 5.3. The search process itself is depicted in Figure 5.2, and summarized in Table 5.4. As an example, Ilisted the terms used and defined in the process of finding Kepler ´s third law of planetarymotion in Table 5.5, based on

Borelli´s observations of the moons of Jupiter that were discovered byGalileo .

Production Conditions (LHS) Actions (RHS)

Find-Laws Goal = describe data

Law not alreadydefined?

New goal = find-laws

Increasing Goal = find-laws New goal = consider-ratio

Term-1 increasing values?

Term-2 increasing values?

Decreasing Goal = find-laws New goal = consider-product

Term-1 increasing values?

Term-2 decreasing va l ues?

Constant Goal = find-laws New goal = define-new-law

Term constant values?

Linear Goal = find-laws New goal = define-new-law

Term values linear r e lated?

Define- R atioor- P roduct

Goal = consider-ratio/product New goal = define-new-term

Term not alreadydefined?

Table 5.3: Overview of the main productions of BACON.1

ACT-R can learn the productions Increasing and Decreasing from given examples.

The exa m ples Iused constituted algebraic rules that can be used abductivelybyACT-

R´s process of analogy. For example it is true for the function X/Y= c , that if the a b - solute values of X increase, the absolute values of Y increase as well. On the other hand it is true for the function X*Y= c , that if the absolute values of X increase, the abs o lute values of Y decrease (see Figure 5.3).

fi nd-l aws consi der-prod uct consi der-rati o

defi ne- new-l aw defi ne- new-l aw defi ne- new-term

Increasing

Decreasing

Linear Constant

Define-Ratio-or-Product

Find-Law s

Figure 5.2: BACON.1´s search for a law with constant or linearlyrelated values

Description Structure Process Example

Premise X 1 4 9

Y 1 8 27

Goal Describe X and Y

Background Production-1 Find-Laws

Production-2 Increasing

Production-3 Decreasing

Production-4 Constant

Production-5 Linear

Production-6 Define- R atio-or- P roduct

Inference Repeated matching of production rules

Conclusion Law X Y X 3 /Y 2 =1

Table 5.4: Inferring a description in BACON.1

|Y|

|X|

X/Y=c

X*Y=c

|Y|

|X|

Example used for Increasing

Example used for Decreasing

Figure 5.3: Example functions used for creating the main BACON productions

The other waydoes not always hold. For example, when both values of an X and Y increase, the relation mayjust as well be an exponential function. Hence BACON.1´s productions actuallyinfer byabduction that X and Y are related as a product or ratio.

Increasing employs actuallythe following abductive infe r ence:

The absolute values of X and Y both increase (C)

But if X/Y = c (A) then the absolute values of X and Y would increase (C)

Hence there is a reason to suspect that X/Y = c (A)

If the inferred new term is not evaluated to be a law, like e.g. D/P in the Kepler e x - ample, then values of the term can be treated as part of the background in a new a b - ductive inference. The same compositional process is used in PI, see for example T a - ble 5.6.

Explanation Structure Process Example

Premise

PROBLEM

START A (is known to be true)

GOAL C (is to be explained)

Background

RULE-1 CONDITION B ACTION C

RULE-2 CONDITION A ACTION B

Inference Activation ( C activates

RULE-1)

Abduction B (possible explanation)

Activation ( B activates

RULE-2)

Abduction A ( possible explanation)

IBE A

Conclusion

EXPLANATION A ( is the best explan a tion)

Table 5.6: Example of compositional abduction in PI

Learning abduction by example - part 2

To learn ACT-R BACON´s heuristics Iprovide the functions of Figure 5.2. as sol u - tions to a BACON search problem. The example for Decreasing was given as fo l - lows:

(X1>

ISA term

PATTERN Increasing

EXP Example-Experiment)

(Y1>

ISA term

PATTERN Decreasing

EXP Example-Experiment)

(Example-Problem1>

ISA find-laws

EXP Example-Exp

ACHIEVED-BY Consider1)

(Example-Solution1>

ISA consider

OP Product

TERM-1 X1

TERM-2 Y1

CONSTRAINTS (Decreasing I n creasing))

(X1*Y1>

ISA term

VALUES nil

OP Product

TERM-2 Y1

TERM-1 X1

PATTERN Constant)

When the product of X and Y is constant, the values of X increase while the values of

Y decrease. So if you want to find a law for the terms of an experiment Example-

Exp, which are X1 and Y1, then byabduction BACON should consider their product.

The production Consider-Ratio-or-Product would then define the term X1*Y1. To trigger ACT-R´s analogymechanism Iset the following problem:

(Pressure>

ISA term

PATTERN Increasing

EXP Boyle-Exp)

(Volume>

ISA term

PATTERN Decreasing

EXP Boyle-Exp)

(**Boyle>

ISA find-laws

ACHIEVED-BY nil

EXP Boyle-Exp)

Byanalogywith

Example-Problem-1 , using chunk example-experiment to map the solution to the problem, ACT-R composes a new production to solve the Boyle problem:

(FIND-LAWS-PRODUCTION1

=Example-Problem-Variable>

ISA find-laws

EXP =example-exp-variable

=Y1-Variable>

ISA term

EXP =example-exp-variable

PATTERN decreasing

=X1-Variable>

ISA term

EXP =example-exp-variable

PATTERN increasing

==>

=Example-Solution-Variable>

ISA consider

OP product

TERM-1 =X1-Variable

TERM-2 =Y1-Variable

!focus-on! =Example-Solution-Variable)

(**Example-Solution$1>

ISA consider

OP product

TERM-2 Volume

TERM-1 Pressure)

The analogymechanism of ACT-R (3.0) would overgeneralize the example problem without further constraints. The resulting production would match anytwo terms and consider their product.

Yet with constraints, the inferred rule is functionallyequiv a - lent with BACON´s original Decreasing production, and can hence be employed to find more complex laws.

In sum, the computer programs BACON and PImodel cognitive mechanisms of scientists that work on particular scientific problems. In this section Iargued and showed how those same mechanisms can be learned and explained, bymodeling that learning process in the unified cognitive theoryACT-R. Yet between the different cognitive architectures there remains a difference in approach to understanding the nature of scientific theoryand reasoning. This is treated in the next section.

5.6 Theory and method

In this section Igo further into the specific questions about the structure of theoryand process of reasoning as implied bythe different cognitive models BACON, PI, and

ACT-R. Thagard ´s model PImaintains a procedural explanation of the nature of a theory. In the logical approach a theoryis a set of atomic and conditional propos i - tions, accompanied bya set of relativelyindependent inference rules that are used to infer valid consequences from them.

In Thagard ´s model a theoryconsists of rules and concepts that more or less repr e - sent conditional propositions and predicates, respectively. Which inference rule to applyto determine a consequence of a theoryis arbitraryin logic, but controlled bya mechanism of spreading activation in PI. Superficially, this difference onlyhas co n - sequences in the performance of the process of generating an explanation or predi c - tion. In principle the same consequences could be inferred from the different repr e - sent a tions of a theoryin both the cognitive and the logical model.

Even in the process of inferring an explanation the main difference between the cognitive model PIand the logical model lies in their performance and the specific extra conditions. Thagard selects the best explanation on the equallydecisive criteria of explanatorybreath and simplicity, while the logic approach puts the priorityon explan a torybreath and consistency.

One important difference is that PImaintains different theories simultaneously, basing the use of anyof the rules in prediction or explanation on its success in sol v - ing problems earlier. This allows PÍ s predictions to be inconsistent due to the firing of competing rules.

The nature of the heuristic rules of BACON differ in type from those of PI. The

BACON heuristics represent a veryspecific kind of abduction. PÍ s primaryabdu c - tive mechanism reasons from all kinds of conditional assumptions represented in the

PIrules. The BACON heuristics incorporate an abductive suggestion based on a co n - ditional proposition, e.g. the proposition that if the quotient of two variables is co n - stant, then the values increase together. Anyterm proposed bythose heuristics

(INCREASING/DECREASING) is tested on the available data terms byother he u - ristic rules (LINEAR/CONSTANT) that propose it as a law or ignore it if it does not fit the data.

The BACON production rules implement a particular heuristic method, and not a part of a theoryas in PI. The rule representation of either a theoryor heuristic is su b - tle. For the predictive nature of a theoryit is not important whether you represent a theoryas a set of conditional statements or as a set of production rules, as long as the specific production rules, or the conditional statement together with general inference rules produce or define the same cons e quences.

It is possible to understand a theoryboth declarativelyand procedurallyin ACT-R.

The structure of a theorycan start out as a declaration in memorychunks. What co n - sequences will follow from it depend on the production rules that can make an infe r - ence about it. It is possible to represent both the axioms of a theoryand general infe r - ence rules declaratively, and a method to infer deductive consequences from them can be represented bya set of produ c tions.

Isummarize the different uses of the rule concept in explanation models in Table

5.6. Rules can be considered to be secondaryprocesses in all the cognitive models.

But in PItheyare part of theory, while in BACON.1 theyare part of method. In

ACT-R a production can be understood as both part of theoryand/or heuristic method.

In ACT-R a production, seen as an inference procedure, takes as premises a goal and an assumption, and produces a new goal as conclusion. This goal can be either to make a new assumption, to observe or to intervene within something in the world. If the premise of a specific production includes declarative assumptions of concept types A and A ® C and the goal is to produce a valid consequence, then the produ c - tion represents the application of modus ponens if its new goal is to assume C.

Explanation Logic PI BACON.1 ACT-R

Bac k ground

Structures

B: {A ® C} (if X/Y=c then inc) Chunk: (rule A C)

Processes (If A then C)

Rule = th e - ory

(If inc then ratio)

Rule = method

(If (rule A C) goal C then A) Rule = method & th e ory

Premise P: {C} (START C) (goal) (X �) (Y�) (goal C)

Inference Abduction Activation Rule matching Creation (Analogy)

Cond i tions Abduction Selection (Activ a tion)

IBE Evaluation (PG-C)

Conclusion H*: {A} (EXPL. A) ( X n Y m =c) (A)

Table 5.6: Different uses of the rule concept in explanation

But how to understand the generation of specific explanations? As we saw in the earlier sections, in ACT-R this question is not so much about what productions can find an explanation, but how productions that can find explanations are created and evaluated themselves. This is a process in ACT-R that starts with an example of a specific explanation and a similar example solution to another problem. The example is mapped to the new problem, resulting in new productions. These productions can become either applicable to veryspecific cases or verygeneral cases, for which the inferred explanation has a veryhigh or low probabilityof being correct. Bysolving manyexplanation and prediction problems, use and experience will determine their success. The resulting productions can be associated with the typologyof strong and weak heuri s tics, see Table 5.7.

The term heuristic comes from the Greek heuriskein meaning ^to discover~. ( He u - riskein is also at the origin of eureka , derived from Archimedes ´ reputed exclam a - tion, heurika (for ^Ihave found~), uttered when he had discovered a method for d e - termining the purityof gold bytaking a bath) In artificial intelligence it is generally used to describe a process of learning bytrying. It is often contrasted bythe term a l - gorithm, which is a derivation of the name of the Arab mathematician, Al-

Khowarizmi ( ± 825 AD). Both an algorithm and a heuristic are procedures for solving a problem.

The main difference between them is that an algorithm is meant to effectively solve a particular type of problem, often at high cost in time depending on the co m - plexityof the problem. A heuristic is a tradeoff between time and optimality, it may solve a problem, usuallyat lower cost in time, but then it maynot provide the best solution. Another difference is that the effectivityof an algorithmic procedure can usuallybe established analyticallybymathematical proof, while the effect of a he u - ristic proc e dure is often established empirically, byexperience of use.

Productions High cost Low cost (efficient)

High probability

(effective)

Strong heuristic

Specific method/theory

�

Low probability � Weak heuristic

General method/theory

Table 5.7: Typologyof productions in the light of expected gain (E = PG ˘ C)

The heuristic procedure in ACT-R differs from the static heuristic procedure in

BACON in such a waythat the estimation of the cost and chance of success of a ce r - tain production (the estimated gain PG ˘ C) is constantlyevaluated and adjusted. So if we want to explain the process of discovering a theoryor law it is not enough to point to a set of heuristics as the cause of that discovery. The heuristics are usually part of the product of that discovery. For Kepler to discover his law he first had to discover that he could compare Borelli´s data with a particular kind of example fun c - tions.

Now if we understand the nature of a theoryas being partlyprocedural we can also better understand how to see Kuhn ´s picture of science as a practice that reasons on the basis of paradigms as shared examples. In normal science a set of successful e x - amples of explanations leads to a strong heuristic that can successfullysolve highly specific problems within a domain. At a given time these heuristics, that incorporate part of the theoryof that domain, maynot be able to handle novel problems. A rev o - lution is needed to start off a different approach, where onlyweak heuristics maybe of some help. More specific and stronger heuristics will be learned once some su c - cess is booked.

So, to understand a theoryand use it rationallyis to learn a skill of a specific pra c - tice. You can tell a layperson that E=mc 2 , but without a general skill in mathematics and a specific skill of how to applythose variables to a domain of phenomena, that person will not be able to predict or explain specific facts with that stat e ment.

In Kepler ´s and Galileo ´s time science had become successful byapplying simple and general mathematical functions to empirical phenomena en testing the predi c - tions of those functions in experiments. But the practice of empirical science consist of the use of many, highlyspecific, constantlyadjusted rules to explain and predict phenomena. A reflection of those rules can be declarativelyrepresented and comm u - nicated, that is what this thesis is all about. Their use cannot be learned otherwise then bytaking part in that practice. But is the wayscientists actuallyuse method and theorya criterion for what is rational, from an epistem o logical point of view?

5.7 Descriptive and normative

Iargued how the ACT-R theorycan provide an explanation of the rational behavior of scientists. But what does that tell us about what is rational? It is argued in epist e - mologythat explaining the beliefs and methods of scientists bypointing to the cogn i - tive process that creates and evaluates them is not sufficient for epistemicallyjust i - fying those beliefs and methods.

People, scientists not excluded, make mistakes in their reasoning, as psychological experiments prove. It should be the role of epistemologyto point out those errors, so that human reasoning can improve. So let us look at the rationalityof human predi c - tion and explanation.

Prediction

Human performance in logical reasoning has been a much studied subject in cogn i - tive psychology(Anderson , 1995). In experiments by e.g. (Marcus & Rips, 1977) subjects were asked to evaluate the correctness of hypothetical syllogisms, repr e - sented as relativelyneutral arguments such as:

If the ball rolls left, the lamp will switch on.

The ball rolls left

Therefore, the lamp will switch on.

It was asked if a conclusion is always, sometimes, or never correct. It was shown that in 100 percent of the cases subjects have no problems with judging the conclusion of modus ponens (affirming the antecedent) to be always correct, but that in onlysome

80 percent of the cases subjects judged the conclusion of denial of the antecedent and affirming the consequent to be merelysometimes correct. Still worse, in only60 pe r - cent of the cases subjects thought that modus tollens (denying the consequent) is a l - ways correct. This performance was initiallyexplained bythe assumption that su b - jects interpret ^if A then C as a biconditional instead of a conditional statement.

Subjects were thought to understand the antecedent to be a necessarycondition for the consequent, explaining whyin some cases it was thought that the conclusion of denial of the antecedent or affirming the consequent is always correct. However, this does not explain the poor performance on jud g ing the validityof modus tollens .

It is remarkable to see that the inference that is the hallmark of valid reasoning in science according to Popper is so often misjudged in common sense reasoning. It also testifies to the unpopularityof Popper ´s method of falsification as noted byKuhn and manyothers. But it would be too swift a conclusion to mark the disregard of modus tollens in the practice of both common sense and scientific reasoning as irrational. It becomes more clear if this practice is seen as based on a probabilityassessment. I will demonstrate this bydiscussing another much studied task, called the Wason s e - lection task.

Understanding the performance of subjects on the selection task is relevant for u n - derstanding how scientists evaluate potential hypothesis in the process of scientific discovery. This task is argued to demonstrate the failure of applying modus tollens .

However, Iwill argue how this task shows how subjects make a perfectlyrational pro b abilistic assessment.

In the selection task subjects are shown four cards with the following sy m bols:

E K 4 7

Theyare told that everycard contains a number on one side and a letter on the other.

The task is to test the validityof the following rule for these four cards:

If there is a vowel on one side, then there is an even number on the other side.

Subjects were asked to turn over onlythose cards that need to be turned over to test the rule. On average (Anderson , 1995) 89 percent chose to turn the E, affirming the antecedent of the rule. Logicallythis is an informative choice because the outcome of the experiment either falsifies or confirms the rule. However, 62 percent chose to also turn over the 4, affirming the consequent. Logicallythis provides no information because the outcome confirms the rule either way. The same goes for turning over the

K denying the antecedent, which was done by16 percent. Only25 percent chose to turn the 7, denying the consequent, which logicallyalso can confirm or refute the rule.

Oaksford and Chater (1996) argued that what subjects do is make a choice of the most informative cards in a statistical sense. Theypresupposed a probabilistic model of the rule A ® C, see Table 5.8. It provides the probabilities for the four possible states of the world where A and C are either true or false. Given this probabilistic model for the rule A ® C and a null rule, i.e. a rule which does not have anypro b - abilistic contingencybetween A and C, the interpretation of the conditional pro b - abilities of A and C can be calculated, see Table 5.9a, see also T a ble 4.4 prediction.

Given the probabilistic interpretation both the AA and DC predictions are pro b - able, while AC and DA are less probable. Yet subjects prefer AC much more than

DC. To explain this, Oaksford an Chater argued that a card would be informative if the expectation of its outcome would differ from the expectation based on a null rule that assumes no relation between the antecedent and the consequent. However, in their model theyneed to set the conditional probabilityof the consequent C, given the antecedent A and vice versa to be 40% instead of a neutral 50% to explain the prefe r - ence order of subjects.

Antecedent A Consequent C A ® C A ® C null A ® C * null *

True True True .40 .16 .50 .25

False True True .20 .24 .23 .25

False False True .30 .24 .18 .25

True False False .10 .36 .09 .25

Table 5.8: The logical, and two possible probabilistic models of A ® C and null

Ithink that there are three problems with the explanation of Oaksford and Chater .

First, the particular probabilitydistribution of the conditional statement is not pro p - erlydefended. Secondly, a proper 50/50 null rule defeats their ordering. Thirdlyand most importantly, the probabilityof a rule´s prediction does not reflect the rule´s probabilitygiven the outcome of the e x periment.

It maywell be possible that for subjects the probabilityof a rule A ® C depends on the assumed model of the rule, not on the probabilityof a rule´s prediction. In this interpretation the value of an experiment is the difference between the probabilities of a rule given the possible outcomes of that experiment. Given this interpretation the se c ond problem becomes obsolete byaddressing the first problem.

What is a proper model for a general conditional statement? One could argue that the preference of subjects in the card selection task actuallyreflects an average model for a conditional rule. If we redistribute the preferences of subject over 100% and take that as a value estimate, then we come to an average model that is approximated in Table 5.8 for rule A ® C *. In this estimate subjects tend to regard the average probabilityof a rule slightlyhigher when onlyC is observed (.23), compared to when

A nor C is observed (.18), see Table 5.9 b. It can be assumed that these numbers at best reflect a base rate probabilitythat is different and adjusted for everyparticular conditional assumption that is maintained in memory.

B H P p(P|B&H) p(P|B & null) Diffe r ence Subj. pref.

a.

AAH A A ® C C .80 .40 .40 89% E

ACH C A ® C A .67 .40 .27 62% 4

DCH Not C A ® C Not A .75 .60 .15 25% 7

DAH Not A A ® C Not C .60 .60 .00 16% K b. p(P|B & null*)

AAH A A ® C * C .84 .50 .34 89% (47%)

ACH C A ® C * A .68 .50 .18 62% (32%)

DCH Not C A ® C * Not A .67 .50 .17 25% (13%)

DAH Not A A ® C * Not C .56 .50 .06 16% (8%)

(100%) c. p(H|B&P) p(H|B & Ø P)

AAH A A ® C * C .50 (C) .09 (R) .41 47%

ACH C A ® C * A .50 (C) .23 (C) .27 (-.14) 32% (-15)

DCH Not C A ® C * Not A .18 (C) .09 (R) .09 (-.18) 13% (-19)

DAH Not A A ® C * Not C .23 (C) .18 (C) .05 (-.04) 8% (-5) d.

HAA A ® C * A C .68 (?) .33 (R) .35

HAC A ® C * C A .84 (C) .44 (?) .40

HDC A ® C * Not C Not A .56 (?) .16 (R) .40

HDA A ® C * Not A Not C .67 (C) .32 (?) .35

Table 5.9: Different kinds and models of probabilistic prediction

So given the above model the value of AA is the highest because that model a s - sumes the rule is the most probable if A and C are true (.50) and the least probable if

A is true and C is false (.09). The value for DA is the lowest because either outcome says about the same (.18/.23) about the probabilityof the rule, given the model. The reason that AC is more preferable than DC is that the difference between the ou t - comes for the former experiment is much higher (.50 ˘ . 23) than that of the second

(.18 ˘ .09). The outcome of DC maylogicallybe able to either defeat or confirm the rule given the logical model of the rule, but with a probabilistic model either outcome of a DC experiment will result in a low probability.

To make the comparison with the logical model complete Ialso listed the kind of predictions where the rule is assumed and the antecedent or consequent is hypothet i - callyaffirmed or denied. A probabilistic interpretation now provides an assessment where the logical approach could not give an answer about the probabilityof the h y - pothesis, see Table 5.9d.

From this viewpoint subjects predictions and experiments do not seem to be all that irrational, as long as hypotheses are interpreted to be more or less probable i n - stead of just true or false. In a game like situation, where the rules are strict and given, it is rational to follow the logical model of a rule. But in an empirical situation where rules are not known to be true and almost all rules have exceptions acting on a probabilistic assessment is more rational. Yet Popper would probablyargue that the question remains how probabilityassignments to hypotheses can be rational. This question will be addressed in the Chapter 6.

5.8 Explanation and evaluation

According to Langley et al (1987, p.47) in discovering a hypothesis ^rationalityfor a scientist consists in using the best heuristics available for narrowing the search down to manageable proportions. A normative theoryof creativityand scientific discovery is concerned with this kind of rationality.~ So instead of focussing on the validityor probabilityof hypotheses found byheuristics, theyemphasize the efficiencypart of rationality. Theyassume you know what you are looking for. For Bechtel (1988) to normativelyevaluate a heuristic is to identifyits failure. He assumes you know when a heuristic fails. But how to know what you are looking for and how to know you failed to find it?

In epistemologyit is a much debated question whether the identification of the failure or success of assumptions is an analytical or empirical matter. This holds for both theoretical and methodological assumptions. In a psychological explanation of scientific practice the identification of epistemic success or failure seems foremost an empirical matter. Productions and chunks are created and evaluated bytheir success in use, whether theyare part of theoryor of method. But the success of productions can onlybe measured bygiven conditions for success. And testing if a proposed s o - lution satisfies those conditions is an an a lytical matter.

According to logic the best theoryshould be: consistent, internallyand with r e - spect to background knowledge; complete and correct with respect to the phenomena it explains; non-trivial; informative, and it should be simple. So different methods are suggested that prefer theories with regard to their competitors bytheir consistency, correctness and completeness, non-triviality, empirical content, and simplicity. Di f - ferent philosophers prefer one condition above another on the basis of different a r - guments.

Scientists usuallyalso entertain other preferences such as analogy, beautyor sy m - metryin a theory. Finding a theorythat satisfies those conditions means success. But the most important condition of anytheoryis that it should remain successful in the future. So the questions with respect to the probabilitypart of the rationalityof re a - soning are: 1. which conditions are conductive to empirical success, 2. whyare they conductive to success, and 3. how to pursue them?

First there should be made a distinction between conditions that are part of the main goal of science, and those that maybe conductive to it. Igather that conditions such as:

5.8. Explanation and evaluation 83

C

1

. Correctness C

2

. Consistency C

3

. Completeness are part of the main goal of science. This is what we want to achieve: a theorythat has no anomalies, covers the domain, and is not trivial byallowing everything. These conditions are not conductive to empirical success, theydefine it. But how to pursue them? The satisfaction of the first two conditions can never be validlyestablished in an empirical domain. The future can always bring a situation that is not allowed or included in the theory. The best we can do is to analyticallycheck for internal co n - sistencyand to check for correctness and completeness with respect to all available observations. However: in principle, infinitelymanytheories can be entertained that satisfyall three conditions; in practice, however, it is hard to find even one theory that comes close to that goal.

Scientists build theories incrementally, constantlyproposing and revising hypoth e - ses, often within the conceptual boundaries of a research program. The question is whether it is rational to pursue correctness and completeness bypreferring to pursue onlya proposal that is closest to the goal. At anygiven time that goal seems clear.

There is a set of current observations and the problem is to find that theorythat co v - ers most of them.

So, is it rational to entertain and pursue a consistent theorythat explains most data and has the fewest number of counterexamples? Bydefinition that theoryis closest to the goal of science, assuming that all other possible theories are known to be worse.

Yet in practice we do not know the merits of all possible other theories since we do not know them all. It mayturn out that amending a theorythat was further from the goal proves more successful than working on the best one available. Given a co n - ceptual space of all possible theories and a set of all observations, the theorythat best satisfies the goal at anymoment of development maybe stuck in a so-called local maximum. Pursuing predictions and revisions of a theorythat is further from the goal mayreveal a better approximation. In cognitive psychologyand AIthe first approach is know as hill-climbing. Going straight for the top maybring you to the top of the hill, but maymiss the mountain. A scientist that chooses to staywith a successful theorythat lacks progression is as rational as a chicken that gets stuck in a fence when running toward the corn in view, not able to back up to go around the open gate door.

In practice it does not always work that way. Scientists do not onlypursue correc t - ness, completeness and consistency. Theyalso entertain conditions such as e.g. :

C

4

. Simplicity C

5

. Analogy C

6

. Symmetry

In logic these conditions are meta-epistemical, theydo not inform us about the truth of a theory. However, in scientific practice these conditions often prevail above co r - rectness, completeness and consistency. (We will see an example of this in the case studyin the next part of the thesis.)

Thagard incorporated these conditions in his theoryof explanatorycoherence, which meant to explain scientists´ preferences. The program ECHO implements a model of a neural network that can evaluate how close a theoryis to all conditions, as compared with a competitor ( Thagard , 1992). Yet this theoryfails to explain whyit is sometimes rational to prefer conditions C

4

-C

6

above C

1

-C

3

. How can these cond i - tions, or methods based on them be conductive to the empirical success of a theory?

A naturalistic wayout to this question is to explain whyscientists have certain preferences bybringing in evolution, both biologicallyand socially. Primarymech a - nisms in our brain have preferences for certain assumptions and methods given exp e - rience. Survival depends on being able to make methodological decisions and r e - trieve memories of experiences that are relevant to the current situation or problem.

An organism that is not able to make decisions or assumptions successfullyis less likelyto survive. In the development of our species nature favors particular primary cognitive mechanisms in the face of lions and gathering food; in the development of science nature favors particular theories, methods and scientists, in the face of peers and tr y ing to get tenured positions.

To return to Goldman ´s distinction (Section 5.2): we have gone through an exp o - sition of some (secondary) methods and theories and how theyare generated and evaluated bysome (primary) mechanisms of the brain during scientific discovery. I argued how these mechanisms tell us something about rationality. Theyinform us what rationalityis, for a scientist.

However, these primarymechanisms still do not inform us why it is epistemically rational to maintain certain theories and methodologies. These mechanisms prefer a theoryor method if it proves successful in solving problems, in reaching certain goals, satisfying certain conditions. But whyare some conditions more rational to pursue than others, whyare theymore successful? A naturalistic stance would be happywith just the observation that certain conditions, methods, hypotheses and theories are more successful than others, as an inductivelyassumed fact of the world.

Yet, in the next chapter Iwill pursue an explanation of one of those facts, whyone of those co n ditions, simplicity, is conductive to attaining the goal of science.

Epistemologists reason to studyreason is to be able to improve it. In this chapter we have come to understand reasoning as a process of inferring conclusions that sa t - isfycertain conditions, given a certain problem. So to understand and evaluate the reasoning in a specific discoveryprocess normativelyit is first of all important to u n - derstand the details of a specific problem, i.e. :

· starting situation

· background assumptions

· process to reach the goal

· goal properties

· end results

In practice none of the above stayconstant in the process. The starting situation changes, new background assumptions and concepts are added or withdrawn, end results are different from the goal, the goal conditions shift, and new methods to reach the goal are introduced. All under influence of primarycognitive mechanisms and social interaction. How this process goes about in the practice of neuropharm a - cologywill be di s cussed in the next part of this thesis.

5.9. Conclusion 85

5.9 Conclusion

The particular question of this chapter was: how to understand and model scientific discovery, in ACT-R? Iwill answer this question bygoing through the answers for the specific questions of this thesis from Section 1.3:

Question 1 What is the structure of a scientific theory? In ACT-R theories can be understood as a collection of statements containing laws, examples and solutions to earlier explanation and prediction problems, represented declarativelyin memory chunks, and specific and general procedures, represented in production rules.

Chunks, represented as sets of slots and values of a certain type, are assumed to be the results of perception and solutions to solved problems. Production rules are repr e - sented as condition-action pairs: given a goal and an assumption chunk a new goal is set which can lead to either a new assumption or doing a particular observation or intervention in the world. Productions can be part of both theoryand method.

Question 2 What is the process of scientific reasoning? The process of scientific reasoning in ACT-R contains of learning heuristic problem solving skills in searching and evaluating expl a nations and predictions of phenomena, see Table 5.10.

Problem Start Background Process Goal Goal prope r ties

Explanation Goal = e x plain observation P

H´ explains P´

Produ c tions

Creation

Selection

Evalu a tion

H* H* e x plains P

Analogy

Probability

Prediction Goal = predict hypothesis H

H´ predicts P´

Productions

Creation

Selection

Evalu a tion

P* H explains P*

Analogy

Probability

Table 5.10: Short overview of reasoning problems discussed in this chapter

The process of both explanation and prediction starts with a goal chunk together with examples and productions in memoryin the background. A solution to the problem is either selected from memorybyproductions or created based upon examples by analogy, and evaluated probabili s tically.

Question 3 What is the route between theoryand experiment? The assumed route between theoryand experiment walked bya scientist starts with a goal and assum p - tions in memorythat determine new assumptions and actions, based on learned pr o - ductions. Failure to achieve a goal decreases the potential to recall an assumption and the chance that the used productions will be employed in the future.

This can explain how scientists go through the ideal six steps introduced in the last chapter. In a scientific studyof scientists doing their work you would get the follo w - ing scheme, where lowercase p denotes a phenomenon and uppercase P a proposition about that phenomenon:

1. Observe phenomenon p: see p m

,�, p n

(activities of scientist x at work)

2. Describe p: P m

® P n

(problem solving behavior)

P

1

: {x observes phenomenon p : x sees p m

}

P

1

® P

2

: {x describes p : P m

® P n

}

P

2

® P

3

: {x explains p : x finds B È H* |= P m

® P n

}

P

3

® P

4

: {x predicts p : x finds B È H |= P i

* ® P j

* }

P

4

® P

5

: {x intervenes p : x creates P i

* }

P

5

® P

6

: {x observes p : x sees P j

* }

3. Explain p: B È H* |= P m

® P n

H*: {ACT-R cognitive mechanisms} |= P m

® P n

4. Predict p: B È H |= P i

* ® P j

*

B: {specific chunks and productions of BACON}

P

2

*: {x describes p: P

1

: {D = á 1, 4, 9 ñ } ® P

2

: {P = á 1, 8, 27 ñ }}

P

2

* ® P

3

*: {x explains p: x finds H : {D 3 /P 2 = c} |= P

1

® P

2

}

5. Intervene in p: create p i

*

6. Observe p: observe p j

* ?

In this waya step in the process of scientific problem solving is described as a cond i - tional statement. In step 1. the activities of a scientist are observed as a phenomenon.

In step 2. these activities are described. One can observe a scientist making observ a - tions (P

1

) and describing them (P

2

). Logicallyone can describe the link between those activities bya conditional statement (P

1

® P

2

). The antecedent of the conditional statement represents the start situation, the consequent represents a goal situation. In step 2. of describing the activities of a scientist, one can further describe how a sc i - entist explains (P

3

) predicts (P

4

) intervenes in (P

5

) and again observes (P

6

) a ph e - nomenon. In step 3. of our cognitive research of scientific activities an hypothesis is searched to explain the process of those scientific activities, in this example cognitive models in the ACT-R architecture are proposed. In step 4. we make a prediction about how our scientist under studycan find a law (P

3

*) that can implydata that d e - scribes a phenomenon (P

2

*). This prediction can be tested in step 5. and 6.

It can be a task for cognitive psychologyto explain and predict how scientists search for a solution of scientific problems. For naturalistic epistemologyit is the task to find an intervention in step 5. such that scientists can observe, describe, e x - plain, predict and intervene the phenomena theyare interested in more effectivelyand efficiently, and to explain whytheydo so. Whysome explanations might be more effective than ot h ers will be the topic of the next chapter.

* * * * *

Chapter 6

Computation

6.1 Introduction

In the last two chapters we saw that both the logical and the cognitive models of sc i - entific discoveryinclude a condition to prefer simple or minimal explanations. None of the models further suggest whyit is rational to prefer simplicity. Iargued how the

ACT-R model of cognition implicitlyprefers simplicityas a consequence of a mechanism that prefers high probabilityin se c tion 5.6 (page 67).

In this chapter Iinvestigate the relation between probabilityand simplicityin the computational description, explanation and prediction of empirical data. Idiscuss the use of Kolmogorov complexityand Bayes ´ theorem in Solomonoff ´s inductive method to explicate a general concept of simplicitythat is used for a distribution of probabilities of possible hypotheses. This makes it possible to understand how the search for simple, i.e. , short, descriptions of empirical data leads to the discoveryof patterns in the data, and hence more probable predictions. Ishow how the simplicity bias of Langley ´s BACON.2 and Thagard ´s PIis subsumed by Rissanen ´s Minimum

Description Length principle, which is a computable approximation of Solomonoff´s uncomputable inductive method. A more lengthydiscussion, including several other approaches to simplicity, can be found in (van den Bosch 1994).

In this chapter Ipursue an answer to two particular questions: 1) How can si m - plicitymost generallybe defined? 2) Whyshould we prefer a simpler theoryto a more complex one? Idiscuss simplicitydefinitions that stem from research in cogn i - tive science and machine learning. In those approaches simplicityplays an important role in the process of scientific discovery, as implemented in Langley and Simon ´s computer model BACON, in inference to the best explanation, as implemented in

Thagard ´s computer model PI, and in the probabilityof predictions, as explicated by

Sol o monoff .

Langley and Simon claim that the BACON programs search for simple consistent laws without making explicit what is meant bỳ simple´ laws and whywe should pu r - sue simplicity(Langley et al 1987). Thagard proposed an explicit definition of si m - plicityand employs it in his model PI, without providing a satisfying reason for it

( Thagard 1988). However, Solomonoff proposed an explication of induction which makes use of a concept that can be used to understand simplicityand to provide a satisfying justification for its preference.

According to Solomonoff we should trust the theory yielding implications that can be generated bythe shortest computer program that can generate a description of our known observational data. It is argued that a shorter computer program provides more probable predictions because it uses more patterns from that data. It is proved that this simplicitymeasure is reasonablyindependent of the computer language that is used. However, this measure has one drawback, it is uncomputable. Yet it is claimed that computable approaches to induction in machine learning constitute a p - proxim a tions of Solomonoff´s method (Li and Vitányi 1994).

In this chapter Idemonstrate how Solomonoff ´s approach can elegantlybe used to make a universal prior probabilitydistribution for Bayes ´ theorem. First it is shown that Rissanen ´s Minimum Description Length principle (MDL) can be derived from

Solomonoff´s approach. And from thereon Ishow that simplicityin Langley ´s

BACON.2, and simplicityin Thagard ´s PIare nicelysubsumed byMDL. Iconclude this chapter byanswering the three specific questions of this thesis, according to the studyof computational description.

6.2 Turing machines

In 1964 an article by Solomonoff was published that contained a proposal for a ge n - eral theoryof induction. The objective was the extrapolation of a long sequence of symbols byfinding the probabilitythat a sequence is followed byone of a number of given symbols. It was Solomonoff´s conviction that all forms of induction could be expressed in this form.

He argued that anymethod of extrapolation can onlywork if the sequence is very long and that all the information for an extrapolation is in the sequence. Solomonoff proposed a general solution that involved Bayes ´ theorem. This theorem requires that a prior probabilityof a hypothesis is known to determine the posterior probability making use of the known data. Solomonoff´s solution is to provide for a universal distribution of prior probabilities, making use of a formal definition of computation.

It is widelybelieved that the notion of computation is fundamentallycaptured by the operation of a Turing machine, an idealized conceptual machine introduced by the mathematician Alan Turing . A Turing machine is thought of as consisting of a long tape and a finite automaton which controls a `head´ that can read, delete and print symbols on the tape. To compute the value of a function y= f (x), write a pr o - gram for f (x) on the tape, together with a symbolic representation of x and start the

Turing machine. The program is completed when the Turing-machine halts and the value of yis left on the tape as output. Turing proved that there is a universal Turingmachine that can compute everyfunction that can be computed byanyTuring m a - chine. The famous Church -Turing thesis claims that everyfunction that can be co m - puted, can be co m puted bya Turing machine.

What Solomonoff did was to correlate all possible sequences of symbols with pr o - grams for a universal Turing machine that has a program as input and the sequence as output. He assigned a high prior probabilityto a sequence that can be computed with short and/or numerous programs. Sequences that need long programs and can onlybe compared byfew programs, receive a low prior probability. For Solomonoff the v a - lidityof giving sequences calculated bya shorter program a higher prior probability

6.3. Kolmogorov complexity 89 is suggested bya conceptual interpretation of Ockham ´s razor. But it is justified b e - cause a shorter program utilizes more patterns in the sequence to make the program shorter. So, if we trust the data as being representative of things to come, then the shorter program provides the more probable predi c tions.

If we, e.g. , have a sequence that has x as a prefix and x = 1234123412341234123, then we could write a program that describes x as d aaaa

123, where d is a definition of 1234 as a . If we want to predict the following letter we can entertain the hypoth e - sis H

1

: d aaaaa

, or still shorter H

1

: d5 a . Another option is H

2

: d4 a 1231. The first hypothesis predicts a 4 and the second a 1. Both hypotheses are compatible with the known data x. Now Solomonoff argues that the prediction of H

1

is more probable because it requires a shorter program to generate a continuation of x than H

2

( Sol o - monoff 1964, p.10).

That a sequence with manyprograms gets a high prior probabilityis suggested by the idea that if an occurrence has manypossible causes, then it is more likely. The principle of indifference is integrated byattributing sequences that are generated by programs of the same length the same prior probability.

Unfortunatelythis approach has as an important problem. It is not determinable whether a given program is the shortest program that computes a sequence. If that were determinable then there would exist a Turing machine that could determine for everypossible program whether it would generate a given sequence. However, most of the possible Turing machine programs will never halt. Due to this halting problem we cannot know for everyprogram whether the program computes a given sequence.

But before Igo into that problem Iwant to make Solomonoff ´s theorymore specific byfirst discussing Kolmogorov complexityand its application in probabilitytheory.

6.3 Kolmogorov complexity

The Kolmogorov complexityof a sequence or string is actuallya measure of ra n - domness or, when inverted, the regularityof the patterns in that string. We can use a

Turing machine to measure that regularitywith the length of the shortest program for that Turing machine that has the sequence as output. We can call such a program a description of the sequence. This description is relative to the Turing machine that has the description as input.

So when we have a sequence x and a description program p and a Turing machine

T we can define the descriptional complexityof x, relative to T as follows ( cf. Li and

P.M.B. Vitányi 1993, pp.352):

Definition 1 Descriptional complexity . The descriptional complexityC

T

of x, rel a - tive to Turing machine T is defined by:

C

T

(x) = min{ l(p): p Î {0,1}*, T(p) = x } or C

T

(x) = ¥ if no such p exists.

We consider T to be a Turing machine that takes as input program a binarystring of zeros and ones, so the program is an element of the set {0,1}*, which is the set of all finite binarystrings. We use binarystrings because everything that can be decoded, like e.g. , scientific data, can be coded bya string of zeros and ones. The length of the program, l(p), is the number of zeros and ones. So the definition takes as the co m - plexityof a string x the length of the program p that consists of the least number of bits and that will generate x when given to T. If no such program exists then the comple x ityis considered to be infinite.

When x is a finite string then there is always a program that will describe it. Just take a program that will merelyprint the number literally. This program will be larger than the string. However, if x is infinite and no finite program exists, then x is u n - computable bydefinition.

This complexitymeasure is relative to but surprisinglylargelyindependent of the

Turing machine in question, as long as it is a universal Turing machine. There exists a universal Turing machine that computes the same or a lower complexitythan the complexitycomputed byanyother Turing machine plus some constant dependent on that other Turing machine. For instance, when Ihave a string and two programs in different computer languages that compute that string, the difference in length b e - tween those programs cannot be more than a constant, independent of the string. This claim is called the invariance theorem ( cf. Li and Vitányi 1993, pp.353).

In the literature Kolmogorov complexityK(x) is defined as a variant of descri p - tional complexityC(x), which makes use of a slightlydifferent kind of Turing m a - chines. In the definition of descriptional complexitya Turing machine was used with one infinite tape that can move in two directions and that starts with an input program on it and halts with a string on the tape as output. For the definition of Kolmogorov complexitya prefix machine is used. This kind of Turing machine uses three tapes, an input tape and an output tape which both move in onlyone direction, and a wor k - ing tape that moves in two directions. The prefix Turing machine reads program p from the input tape, and writes string x on the output tape.

Kolmogorov complexitywill render a similar measure of complexityas descri p - tional complexity, where C(x) and K(x) differ byat most 2 log K(x). This difference is important, because of its use in Bayes ´ formula. (Without it the sum of the pro b - abilities of all possible hypotheses will not converge to one.) The invariance theorem for K(x) is similar to that of C(x). Now how can this measure be useful in extrap o - lating a sequence? First we will take a brief look at how Bayes´ formula requires a prior pro b ability.

6.4 Bayesian inference

We will start with a hypothesis space that consists of a countable set of hypotheses which are mutuallyexclusive, i.e. , onlyone can be right, and exhaustive, i.e. , at least one is right. Each hypothesis must have an associated prior probabilityP( H n

) such that the sum of the probabilities of all hypotheses is one. If we want the probabilityof a hypothesis H n

given some known data D then we can compute that probabilitywith

Bayes ´ formula:

P( H n

| D) = P(D | H n

) P( H n

) / P(D)

6.4. Bayesian inference 91 where P(D) = å n

P(D | H n

)P( H n

). This formula determines the a posteriori probability

P( H n

| D) of a hypothesis given the data, i.e. , the probabilityof H n

modified from the prior probabilityP( H n

) after seeing the data D. The conditional probabilityP(D | H n

) of seeing D when H n

is true is forced by H n

, i.e. , P(D | H n

) = 1 if H n

can generate D, and P(D | H n

) = 0 if H n

is inconsistent with D. So when we consider onlyhypotheses that are consistent with the data the prior probabilitybecomes crucial. Because for all

H n

where P(D | H n

) = 1 the posterior probabilityof H n

will become:

P( H n

| D) = P( H n

) / P(D)

Now let us see what happens when we apply Bayes ´ formula to an example of Sol o - monoff ´s inductive inference. In this example we onlyconsider a discrete sample space, i.e. , the set of all finite binarysequences {0,1}*.

What we want to do is, given a finite prefix of a sequence, assign probabilities to possible continuation of that sequence. What we do is, given the known data, make a probabilitydistribution of all hypotheses that are consistent with the data. So if we have a sequence x of bits, we want to know what is the probabilitythat x is continued byy. So in Bayes ´ formula:

P( xy | x) = P(x | xy)P( xy) / P(x)

We can take P(x | xy) = 1 no matter what we take for y, so we can saythat:

P( xy | x) = P( xy) / P(x)

Hence if we want to determine the probabilitythat sequence x is continued by y we onlyneed the prior probabilitydistribution for P( xy). Solomonoff ´s approach is i n - genious because he first identifies x with the computer programs that can generate a continuation of x bya string y. In this waythe a priori most probable continuation y can be determined in two ways: yis the next element that is predicted, i.e. , generated, bythe smallest Turing machine program that can generate x; or the string yis pr e - dicted that is generated bymost of the programs that can generate x.

So we can define the prior probabilityof a hypothesis in two different ways. We can give the shortest program the highest prior probabilityand define the probability of xyas:

P

K( xy )

:= 2 -K( xy ) i.e. , the length of the shortest program that computes xyas the negative power of two

( Li and Vitányi 1990, pp.216). Or we can define P

U( xy )

as the sum of 2 -l(p) for every program p (so not onlythe shortest) that generates xyon a reference universal prefix machine ( Li and Vitányi 1993, pp.356). The latter is known as the Solomonoff -Levin distribution. Both have the qualitythat the sum of prior probabilities is equal to or less than one, i.e. , å x

P

K(x)

£ 1 and å x

P

U(x)

< 1

However, it can be shown that if there are many`long´ programs that generate x and predict the same y, then a smaller program must exist that does the same. And it is proved that both prior probabilitymeasures coincide up to an independent fixed mu l - tiplicative constant (Li and Vitányi 1993, pp.357).

So we can take the Kolmogorov complexityof a sequence as the widest possible notion of shortness of description of that sequence. And if we interpret shortness of description, defined by Kolmogorov complexity, as a measure for parsimony, then the Solomonoff -Levin distribution presents a formal representation of the conceptual variant of Ockham ´s razor, since the predictions of a simple, i.e. , short, description of a phenomenon are more probable than the predictions of a more complex, i.e. , longer, description.

6.5 Description length

While both the Kolmogorov and Solomonoff -Levin measure are not computable, there are computable approximations of them. It is demonstrated that several ind e - pendentlydeveloped inductive methods actually yield computable approximations of

Solomonoff´s method. Iwill first demonstrate this for Rissanen ´s minimum descri p - tion principle (MDL), cf. Li and Vitányi (1993).

Rissanen made an effort to develop an inductive method that could be used in practice. Inspired bythe ideas of Solomonoff he eventuallyproposed the minimum description length principle. This principle states that the best theorygiven some data is the one which minimizes the sum of the length of the binaryencoded theoryplus the length of the data, encoded with the help of the theory. The space of possible theories does not have to consist of all possible Turing machine programs, but can just as well be restricted to polynomials, finite automata, Boolean formulas, or any other practical class of computable functions.

To derive Rissanen ´s principle Ifirst need to introduce a definition of the co m - plexityof a string given some extra information, which is known as conditional

Kolmogorov complexity:

Definition 2 Conditional Kolmogorov complexity. The conditional Kolmogorov complexityK

T

of x, relative to some universal prefix Turing machine T(p, y) with program p and add i tional information yis defined by:

K

T

(x | y) = min{ l(p) : p Î {0,1}*, T(p, y) = x}

Or K

T

(x | y) = ¥ if such p does not exist.

This definition subsumes the definition of (unconditional) Kolmogorov complexity when we take yto be empty. Now, Rissanen ´s principle can elegantlybe derived from Solomonoff ´s method. We start with Bayes ´ theorem:

P(H | D) = P(D | H) P(H) / P(D)

6.6. Cognitive models 93

The hypothesis H can be anycomputable description of some given data D. Our goal is to find an H that will maximize P(H | D). Now first we take the negative logarithm of all probabilities in Bayes equation. The negative logarithm is taken because pro b - abilities are smaller or equal to one and we want to ensure positive quantities. This results in:

˘ log P(H | D) = ˘ log P(D | H) ˘ log P(H) + log P(D)

When we consider P(D) to be a constant then maximizing P(H |D) is equivalent to minimizing its negative logarithm. Therefore we should minimize:

˘ log P(D | H) ˘ log P(H)

This will result in the Minimum Description Length principle if we consider that the probabilityof H is approximated bythe probabilityfor the shortest program for H, i.e. ,

P(H) = 2 ˘K(H)

Therefore the negative logarithm of the probabilityof H is exactlymatched bythe length of the shortest program for H, i.e. , the Kolmogorov complexityK(H). The same goes for P(D |

H) and hence we should minimize:

K(D | H) + K(H)

This amounts to MDLprinciple, i.e. , minimizing the description or program length of the data, given the hypothesis, plus the description length of the hypothesis (Li and

Vitányi 1990, pp.218). To make this principle practical all that remains is formula t - ing a space of computable hypotheses that together have a prior probabilitysmaller or equal to one, and searching this space effectively. It has been shown in several appl i - cations that this approach is an effective wayof learning (Li & Vitányi 1993, p.371).

6.6 Cognitive models

Let us look at the simplicitybias of BACON.2 (BACON.2 is not representative for the other BACON programs. Idiscuss the simplicitybias of the other BACON´s in

(van den Bosch , 1994). BACON.2 will always construct the simplest consistent law in its range of search. The method it uses is called the differencing method. With this method BACON.2 is able to find polynomial and exponential (polynomial) laws that summarize given numeral data (Langley et al. 1987). One could define the simplicity bias of BACON.2 as follows:

Definition 3 Simplicity bias in BACON.2 The simplicityof a polynomial decreases with the increase of the polynomial´s highest power. A variable power is gathered to be a simpler pol y nomial than a polynomial with a high constant degree.

Langley et al. give no epistemical reason for preferring simplicity. However, after discussing simplicityin Thagard ´s PI Iwill argue that the simplicitybias of

BACON.2, as defined above, is justified.

Thagard ´s account of the simplicityof a hypothesis does not depend on the si m - plicityof the hypothesis itself, but on the number of auxiliaryhypotheses that the h y - pothesis needs to explain a given number of facts ( Thagard , 1988). In PI, Thagard ´s cognitive model of scientific problem solving, discoveryand evaluation are closely related. Simplicityplays an important role in both.

PIdefines two hypotheses to be co-hypotheses if theywere formed together for an explanation byabduction. From the number of co-hypotheses and the number of facts explained bya hypothesis its simplicityis calculated according to the following def i - n i tion:

Definition 4 Simplicity in PI. The simplicityof hypothesis H, with the number of c co-hypotheses and with the number of f facts explained byH, is calc u lated in PIas simplicity(H) = ( f ˘ c )/ f , or zero if f £ c .

To determine the best explanation PIconsiders both consilience ( i.e. , explanatory success, or in PI; number of facts explained) and simplicity. This is no difficult dec i - sion if in one of the dimensions the value of one of the explanations is superior to that of the others while the values in the other dimension are more or less equal. If both explanations explain the same number of facts but one is simpler than the other, or if theyare both equallysimple, but one explains more facts than the other, then there is no difficult choice. But when e.g. , the first theoryexplains most facts while the second is the simplest, that conflict seems to make the choice more difficult. In that case PIcomputes a value for both hypotheses according to the following defin i - tion:

Definition 5 Explanatory value in PI . The explanatoryvalue of hypothesis H for

IBE is calculated in PIas value(H) = simplicity(H) ´ consilience(H).

In this wayPIcan pick out explanations that do not explain as much as their co m - petitors but have a higher simplicityor explain more important facts. It also renders ad hoc hypotheses useless because if we add an extra hypothesis for everyexplan a - tion then the simplicityof that theorywill decrease at the same rate as its consilience i n creases.

One feature of IBE in PIis that its valuation formula admits of a much simpler definition which easilyfollows from the definitions of simplicityand the value of a h y pothesis as given above.

Theorem 1 For IBE the explanatoryvalue of a hypothesis H, with the number of c co-hypotheses and f facts explained, can be calculated in PIas value(H) = f ˘ c , or zero if f £ c .

6.7. Computational approximation 95

Thagard does not satisfactorilyargue whywe should prefer this kind of simple h y - potheses. In its defense he onlydemonstrates that several famous scientists used it.

But he did not show that simplicitypromotes the goals of inference to the best expl a - nation, like truth, explanation and prediction.

6.7 Computable approximation

Iwill now compare Rissanen ´s minimum description length principle (MDL) with

BACON.2, and with inference to the best explanation (IBE) as implemented by Th a - gard in PI. For BACON.2 Rissanen ´s principle suggests an improvement because in the case of noisydata, BACON.2 would probablycome up with a polynomial as long as that data, while it could construct a much simpler one when it employs and e n - codes deviations from the polynomial as well.

An important difference between Rissanen ´s principle and BACON is that the former requires to search the whole problem space, while the latter searches it he u - ristically. But BACON´s search is guided bythe same patterns that eventuallywill be described bya law. However, a heuristic search, like BACON´s, can be aided by Ri s - sanen´s principle. ActuallyBACON does search for a minimal description, but it does not tryto minimize it, i.e. , if BACON finds a description, it halts, and will not search for a shorter one.

BACON.2 determines the shortest polynomial that can describe a given sequence.

No Turing machine can be constructed that needs a shorter description for a more complex polynomial. It can be demonstrated that a polynomial formula with an e x - ponential term has a shorter description than a polynomial formula without an exp o - nential term that describes the same sequence. BACON.2´s method always finds the si m plest polynomial that exactlyfits the data. So Iwill make the following claim:

Claim 1 The polynomial constructed byBACON.2 with the differencing method, based on a given sequence x is the polynomial with the shortest description that e x - actlydescribes x, if x can be described at all with a polynomial.

The validityof this claim can be derived from the differencing method. Everyprefe r - ence of BACON.2 between two polynomials that are compatible with the data is in agreement with the minimum description length principle. However, MDLcan ser i - ouslyimprove BACON.2 byincluding a valuation of a description of the sequence, given a possible polynomial. A shorter description of the sequence mayresult when deviations from a possible polynomial are encoded as well.

In Thagard ´s explication of inference to the best explanation in PI, the simplicity of a hypothesis is determined bythe number of additional assumptions or cohypotheses that the hypothesis needs for its explanations. Rissanen ´s MDLaccounts for the importance of auxiliaryhypotheses as well. MDLrequires that we minimize the sum of the description of an explaining hypotheses K(H) and the description of the data with the aid of the hypothesis K(D | H).

If an hypothesis can explain something right awaythe description of the data is minimal, while if the hypothesis requires additional assumptions, then the description of the data will be longer. So, Thagard ´s simplicitysatisfies at least one of the r e - quirements of MDL. Hence Iwant to make the following claim and argue for its plausibility.

Claim 1 In a case of equal consilience, the explanation that will be selected byIBE in PIwill provide a shorter description of the facts, given the explanation, or at least no longer description with respect to the available alternatives.

This claim follows easilyfrom the theorem stating that PÍ s IBE values hypotheses by subtracting the number of co-hypotheses c from the number of f explained facts, i.e. , f minus c. Two hypotheses that are of equal consilience explain the same number of facts, in which case the hypothesis with the least number of co-hypotheses is pr e - ferred. Hence, assuming that everysuch extra assumption is of about equal length, the simpler hypothesis will provide a shorter description of the facts given the h y - pothesis. However, if both have the same number of co-hypotheses, then PIcan not make a choice, because both will provide a description of reasonablysimilar length.

6.8 Best hypothesis

One question maynow come to mind: will the Solomonoff approach yield a unique preference when several simple hypotheses are compatible with the data? It seems possible that more than one theoryor program, consistent with given data, can be of the same length. So in that case we cannot make a decision based on a simplicity consideration, because all alternatives are of equal simplicity.

To answer that criticism we first have to distinguish between the next symbol y that is predicted given a sequence x and the different programs p that can generate a prediction. Our goal can be a correct prediction y, given x, or a correct explanation of x. In the case that we want a correct prediction, if two programs are of the same length it mayturn out that both predict something else. However, Solomonoff ´s method supplies two ways to solve this dilemma.

The first is the universal Solomonoff -Levin distribution with which probabilities can be assigned to different continuations of a sequence. A given prediction ynot onlyreceives a higher probabilityif it is predicted bya short program, but also if n u - merous programs make the same prediction. So if there is more than one shortest program, the prediction of the program that predicts the same as numerous other longer pr o grams is preferred.

The second wayout of the dilemma is in the situation when the given amount of data x is verylong. It can be proved that in the limit all reasonable short programs will converge to the same prediction, so you can pick anyof them. This feature of the

Solomonoff approach is nice for practical and computable approximations. Because you can make reasonablygood predictions with a given short program that maynot be the shortest one.

However, if you value the best explanation of a given amount of observations, then you will not be satisfied bya grab bag of possible hypotheses that maynot even

6.9 Conclusion 97 make the same predictions. Scientists that want to understand the world usuallylook for one best explanation. In this situation a case could be made for the simplest h y - pothesis as the best explanation. But with such an aim the Solomonoff approach seems troublesome. Because you can never know whether a given short program that computes x is also the shortest program possible. Because the onlyeffective wayto do so is to test all possible Turing machines one byone to see if theygenerate x. But anyof those possible Turing machines maynever halt and there is no wayto find out whether it ever will. You mayput a limit to the time you allow the machine to run before you test the following one. But a shorter program can always be just one se c - ond further away.

The philosopher Ernst Mach once made the claim that the best thing that science could do is to make predictions about phenomena, without explaining the success of such predictions bythe (ontological) assumptions of the possible hypotheses. Ho w - ever, the best explanation, and hence possiblythe simplest program, can be seen as the ultimate goal of science. And a nice propertyof the present kind of simplicityis that we can measure our progress. We maynot have an effective, i.e. , computable, method to establish whether a hypothesis is the simplest but given a large amount of data we can establish the relative simplicityof anytwo hypotheses that yield the data.

6.9 Conclusion

Iwill tryto state myconclusion in one sentence, but nevertheless it is probablynot the shortest description of that conclusion: in scientific discoveryit is rational to pr e - fer those hypotheses, that, given discovered alternative hypotheses, amount to the shortest computational description of known data, because theyprovide more pro b - able predictions. This approach to learning and discoverygeneralizes the rational pretension of the logical and cognitive models of discoverythat prefer minimal or simple explanations. So to answer the specific questions of this thesis, we have:

Question 1 What is the structure of a scientific theory? In the computational a p - proach a theoryconsists of a universal Turing machine, together with a program for that machine. The data that is explained bythe theoryis the result of a description of that data that can be generated bya particular program that can make predictions. So, a string P describing data and predictions is the output of a computation of a co m - puter TM and program H, i.e. TM(H) = P. Both the logical and the cognitive models can be subsumed within this general scheme.

Question 2 What is the process of scientific reasoning? The process of reasoning in machine learning is summarized in Table 6.1. A string P describes given data of a phenomenon p, given a wayof representation. The task of explanation is to find a short program H* that can generate that string, given a computer T. This task is u n - computable, in the sense that there is no algorithm that can guarantee to find that program. Yet it can be approximated heuristically. The shortest program has the highest a priori probability. Given a Turing machine TM, a program H and earlier data P a pr e diction P* and posterior probabilitycan be computed.

Problem Start Background Process Goal Goal properties

Explan a tion String P TM Approximation H* TM(H*) = P

Prior probabi l ity

Prediction ProgramH TM, String P Computation P* TM(H, P) = P*

Posterior probabi l ity

Table 6.1: Short overview of inferences discussed in this chapter

Question 3 What is the route between theoryand experiment? The theoretical route between theoryand experiment can in this approach also be summarized in six steps. (For comparison, Iadded the logical version of this process between brac k ets)

1. Observe phenomenon p: p m

,�, p n

2. Describe p: (P m

® P n

)

P m, n

: = string

3. Explain p: (H* |= P m

® P n

)

TM(H*) = P m, n

4. Predict p: (H |= P i

* ® P j

*)

TM(H, P i

*) = P j

*

5. Intervene p: do p i

*

6. Observe p: see p j

*?

In step 1. a phenomenon is observed. This phenomenon is described bya string that represents the observation, given a manner of representation. An hypothesis H* is searched in step 3. in the form of a short program for a Turing machine, such that the program can generate the string and possible continuations of that string. Based on the given manner of representation, the program for H* and the string representing the observed data, the Turing machine can make a prediction bygenerating a co n - tinuation of the string, in step 4. Based on prediction an intervention and observation close the circle. The observation of new data does not necessitate a new hypothesis as long as the description of the new data plus the old hypothesis is still the shortest available d e scription. New data do change the a posteriori probabilityof predictions.

In the next part of this thesis Iwill analyze a scientific practice to find out how that practice compares with the epistemological theories addressed in this part.

* * * *

Part III Neuropharmacology

What is the rational use of theoryand experiment in the process of scientific discovery, in practice? In this part Idiscuss a case studyand model of the r a - tional use of theoryand experiment in the practice of drug research for Par k - inson´s disease, as introduced in Chapter 3, in more detail. First Isurveyhow the effects of drugs for Parkinson´s disease are explained bythe dopamine theory (Chapter 7). Then Ireport on the use of theoryand experiment in practice (Chapter 8). Ifinish this thesis bydiscussing a model of both the d o - pamine theoryand the studied practice of disco v ery (Chapter 9).

101

Chapter 7

Theory

7.1 Introduction

A short description of a theoryand a practice in neuropharmacology, was introduced in Chapter 3 of this thesis. This third part provides a more detailed description and analysis of that same theoryand practice of discovery.

The specific question for this part is: How are theoryand experiments used in the practice of drug research for Parkinson´s disease? To answer this question Iwill first surveythe literature on the dopamine theoryof Parkinson´s disease in more detail.

The particular question of this chapter is: how are Parkinson´s disease and the effect of known drugs explained bytheory?

Parkinson´s disease is believed to be mainlycaused bya deficiencyof dopamine.

Dopamine is a neurotransmitter, a chemical messenger between nerve cells in the mammalian brain. In this chapter Iexplore how dopamine is exactlyrelated to Par k - inson´s disease, and how theoryabout that relation is used to understand the function of drug interventions for Parkinson´s disease. Before discussing pharmaceutical i n - terventions Iwill first discuss the dopaminergic cell and the basal ganglia in some detail to understand the rationale of these treatments.

In section 7.2 Istart with a general introduction to Parkinson´s disease. Igo into the basics of the dopaminergic nerve cell in section 7.3. Then, in section 7.4, Igo into the basal ganglia, the neural circuitrythat partlycontrols voluntarymovement, and how a defect in it causes parkinsonian symptoms. Iend this surveyof Parkinson´s disease literature with a short overview of a selection of therapeutic drug interve n - tions in section 7.5.

7.2

Parkinson´s disease

People with Parkinson´s Disease suffer from a motor behavior impairment, usuallyat an older age. The primarysymptoms include: muscular rigidity, resting tremor, diff i - cultywith movement initiation (bradykinesia), slowness of voluntarymovement, di f - ficultywith balance, and difficultywith walking. This disease was named after the

English MD. James Parkinson , who in 1817 was the first person to describe these sym p toms as `the shaking palsý . ( Bernstein , 1995; Wichmann & DeLong , 1993)

Dopamine deficiency

More than a centurylater, one believes that the cause of the disease is a dopamine deficiencyin the basal ganglia of the brain. Dopamine (DA) is a neurotransmitter, a chemical messenger in the nervous system, see Figure 7.1. In Parkinson´s disease the neural cells which produce dopamine, the dopaminergic cells, deteriorate. When these neurons start to disappear, the normal rate of dopamine production decreases. It was discovered that when the degeneration of dopaminergic cells is more than 70-

80%, Parkinson´s symptoms start to appear. Next to Parkinson´s disease´s primary symptoms mentioned above, a patient mayalso start to suffer from secondarysym p - toms which include: depression, senility, postural deformity, and difficultyin spea k - ing.

NH

2

H O

H O

Figure 7.1: Structure diagram of dopamine

Diagnosis with L-dopa

It is difficult to diagnose Parkinson´s disease in an earlystage. The earliest symptoms maybe non-specific, such as weakness, tiredness, and fatigue. So the disease maybe unrecognized for some time. Todaythere are no conclusive tests for Parkinson´s di s - ease, yet there are several methods for evaluating its po s sible presence.

A first diagnosis is based on an evaluation of the presence and severityof the pr i - marysymptoms. If this test is significant, a trial test of anti parkinsonian drugs may be used to further diagnose the presence of Parkinson´s disease. This test is usually performed with L-dopa. L-dopa is a precursor in the biosynthesis of dopamine in nerve cells, and causes the remaining dopaminergic cells to increase the production of dopamine. If the patient fails to benefit from L-dopa, the diagnosis of Parkinson´s di s ease is questionable.

Parkinsonism

Computed tomography(CT) or magnetic resonance imaging (MRI) scans of the brain maybe helpful in ruling out other diseases whose symptoms resemble Parkinson´s disease. These diseases mayinclude other neurological disorders leading to parkins o - nian symptoms. Such symptoms can be caused bya brain tumor, repeated head trauma, or prolonged use of certain drugs. Such a condition is referred to as Parki n - son´s syndrome, or atypical Parkinson´s. These kinds of parkinsonisms should not be confused with Parkinson´s di s ease proper.

MPTP model

The cause of Parkinson´s disease is still unknown. There is one known viral infection that damages the extra pyramidal nervous system and causes Parkinson´s disease i n - directly. However, the majorityof sufferers were young people with different sym p -

7.3. Dopaminergic cells 103 toms than we usuallysee in Parkinson´s disease. Most of these cases resulted from an epidemic in the 1920´s. More recentlyit was discovered that several young people who developed parkinsonian symptoms had used an illegal synthetic drug that was contaminated with the compound MPTP. It was found out that this compound is m e - tabolized in the brain to a toxin that damages the extra pyramidal nervous system, causing a rapid decayof dopaminergic cells. Consequentlyit was hypothesized that

Parkinson´s disease is caused byan environmental toxic agent like MPTP. Yet, no toxin that has this effect other than MPTP is found in Parkinson patients. MPTP is now used in animal studies to understand how it causes these symptoms, which might lead to a better understanding of Parkinson´s disease.

7.3 Dopaminergic cells

Research on Parkinson´s disease focuses on the function of dopamine. This neur o - transmitter is synthesized in the presynaptic terminal of a dopaminergic nerve cell by several metabolic pathways (see Figure 7.2 and Cooper, Bloom & Roth, 1996, pp.

293-351). First tyrosine in the cell is converted to L-dopa with the help of the enzyme tyrosine hydroxylase (TH). L-dopa in turn is converted into dopamine bythe enzyme aromatic amino acid decarboxylase (AADC). The synthesized dopamine molecules in the presynaptic terminal are then taken up bysynaptic vesicles. After the dopamine is released from the vesicles into the synaptic cleft, the remaining molecules are taken back into the synaptic terminal bytransporters in the membrane. There theyare transported back into vesicles or broken down to DOPAC bythe enzyme monoamine amine oxidase type B (MAO-B) ( Vermeulen, 1994).

DA

DA

DA

L - DOPA

T H

AADC

tyrosine dopam ine (DA)

M AO - B

DOPAC

DA

DA

synaptic gap receptor

vesicle

synaptic terminal active zone DA

Figure 7.2: Prototypic dopaminergic terminal with cycle of synthesis, storage, release and r e moval of dopamine.

The signal to open or close ion-pumps is not determined bythe chemical properties of a transmitter alone. The same transmitter chemical, e.g. dopamine, can both inhibit and excite other neurons, depending on the properties of the receptor it stimulates.

Stimulated neurotransmitter receptors influence the membrane potential of a neuron directlyor indirectlybyvarious different mechanisms. There are ion channels with special receptor areas that directlybind with a transmitter. When bound to a tran s - mitter these channels undergo a change that opens the channel immediately. The se c - ond type of receptors gate ion channels indirectlywith a second messenger system. A transmitter bound to such a receptor causes in several steps the release of regulatory proteins within the cell membrane, that act on a familyof ion channels.

7.4 Basal ganglia

Post mortem examinations of patients with Parkinson´s disease revealed that parts of their brain were pathologicallychanged. This led to the believe that this part, called the basal ganglia, plays an important role in controlling voluntarymovement. It was shown that signals from the cortex are led through the basal ganglia, to the thalamus, which influences motor control centers in the brain. (Côté & Crutcher , 1991)

Extrapyramidal system

The basal ganglia became known as a component of the so-called extrapyramidal motor system, which was first presumed to operate independentlyof the pyramidal or corticospinal system. However, todayit is known that both systems are interco n - nected, and cooperate. Furthermore, other parts of the brain are shown to playa part in voluntarybehavior as well, and the basal ganglia also have a role in cognitive functioning.

The basal ganglia themselves are a conglomeration of five distinguishable inte r - connected n u clei. Theyare called the:

· globus pallidus, internal ( GPi) and external segment ( GPe)

· subthalamic nucleus (STN)

· substantia nigra, pars compacta (SNC) and reticalata (SNR)

· striatum, consisting of caudate nucleus and putamen

From the cortex there is a direct and an indirect signal pathwaythrough this co n - glomeration, maintained bycircuits that use different neurotransmitters, such as

GABA, glutamate, enkaphalin and substance P. There is a delicate balance between these two pathways that is partlymaintained bydopamine release from the substantia nigra to the striatum. Dopamine release inhibits the indirect pathwaybystimulating dopamine D2-receptors, and excites the direct pathwaybystimulating the dopamine

D1-receptor (see Figure 7.3A, Timmerman 1991, Vermeulen , 1994). The thickness of the arrows represents the strength of the signal. In the case of Parkinson´s disease the indirected path is less inhibited, so becomes stronger. The direct path will lack ampl i - f i cation and will become weaker.

7.5. Drug treatments 105

Frontal Cortex

Frontal Cortex

Substance P + GABA (exitatory)

Enkephalin + GABA (exitatory)

Dopamine on D2 receptor (inhibitory)

Dopamine on D1 receptor (exitatory)

Glutam ate (inhibitory)

GABA (exitatory)

Thalamus

Striatum

Substantia Nigra pars compacta

(SNC)

Globus Pallidus external segment

(GPe)

Subthalamic nucleus

(STN)

Globus Pallidus internal segment (GPi) +

Substantia Nigra reticulata (SNR)

Spin al cord

Indirect

Direct

Striatum

Substantia Nigra pars compacta

(SNC)

Globus Pallidus external segment

(GPe)

Spinal cord Thalamus

Indirect Direct

A. Neural pathways in normal basal ganglia

B. Basal ganglia in Parkinson patients

Glo bus Pallidus internal segment (GPi) +

Substantia Nigra reticulata (SNR)

D2 D1 D1

D2

Subthalamic nucleus

(STN)

Figure 7.3: Major neural pathways in normal and Parkinsonian basal ganglia

Substantia nigra

In postmortem studies it was discovered that the substantia nigra (meaning "black substance"), had lost its pigment in Parkinson patients. Subsequent studies showed that dopamine levels in the striatum were drasticallyreduced. Because the basal ga n - glia contains most of the dopaminergic neurons of the brain, these observations su g - gested that the dopaminergic pathwaybetween the striatum and substantia nigra is degenerated in Parkinson´s disease patients. It was theorized that the depletion of d o - pamine disbalances the direct and indirect pathways from the striatum, which causes the thalamus to be overstimulated. As a result the frontal cortex is less activated, which would co n tribute to the Parkinsonian symptoms (see Figure 3B).

7.5 Drug treatments

L-dopa

Given the observations in the basal ganglia in the early1960´s Birkmayer and Horn y - kiewics reasoned that it would possiblyhelp Parkinson patients if the level of dop a - mine was restored to normal levels. It is not possible to administer dopamine itself as a drug because it will not pass the blood-brain barrier between the blood vessels and neurons. However, L-dopa, the precursor in the synthesis of dopamine will. So they reasoned theycould boost the dopamine production up to higher levels byproviding the few remaining healthydopaminergic neurons with large amounts of extra L-dopa.

(Côté & Crutcher, 1991; Verme u len, 1994)

The first tests led to a successful initial remission of the symptoms. Yet this pos i - tive effect was countered byserious side effects such as nausea, vomiting, blood pressure changes, and collapse. This could be explained bythe fact that the enzyme

AADC, which converts L-dopa to dopamine, is also present in the liver, kidneyand manyother places in the body. So while the dopamine levels in the striatum became more normal, the extra dopamine production disturbed chemical balances elsewhere in the body.

AADC inhibition

After further studies it was demonstrated that the effect of the L-dopa treatment was enhanced when the dose of L-dopa is increased more gradually. So the focus of r e - search became the reduction of the side effects. In the early1970´s the first AADC inhibitors that could not pass the blood-brain barrier were introduced. This made it possible to increase dopamine levels in the brain only, because the conversion of the extra L-dopa in the peripheral organs could be inhi b ited selectively.

MAO-B inhibition

Another wayto increase dopamine levels is to block the enzyme MAO-B that is co n - verting dopamine to DOPAC. It is demonstrated bystudies that the administration of

MAO-B inhibitors slows down the progression of Parkinson´s disease, and increases the life expe c tancy.

It is argued that this slow down can also be explained bythe hypothesis that

Parkinson´s disease is caused bya toxin similar to MPTP. It was shown that MPTP needs to be converted to MPP+ bythe enzyme MAO-B to have its destructive effect.

So if some toxin like MPTP causes the cell death in the basal ganglia of Parkinson´s disease patients, the inhibition of MAO-B would slow down this process.

Yet it is also argued that the positive effect of MAO-B inhibition can be (solely) attributed to the effect that it inhibits the break down of dopamine, and hence i n - creases the dopamine level.

L-dopa treatment only symptomatic

While L-dopa is the best available remedyto ease the lives of Parkinson patients, it is not even near a cure. Treatment that aims to increase dopamine levels turns out not to stop the further deterioration of dopaminergic cells, and hence does not work well in the long term. Long-term use of L-dopa frequentlyresults in fading of the therapeutic effect and the development of serious side-effects, such as further motor impairment and psychiatric complications. Furthermore, while the lack of dopamine causes most of the Parkinson symptoms, Parkinson´s disease patients also suffer a loss of noradrenergic and serotonergic neurons, which contributes to the di s ease as well.

Dopamine receptor agonists

To bypass the problem of the side effects of L-dopa treatment, research was initiated to synthesize compounds that would directlyact on the dopamine receptors. These compounds, called receptor agonists, would take over the role of dopamine, so no administration of L-dopa would be needed. And hence the side effects induced by large amounts of L-dopa would be cou n tered.

7.6. Conclusion 107

To date this ideal has not yet been reached. While long-term treatment with the available dopamine receptor agonists results in less dyskinesias, the therapeutic effect is less than that of L-dopa. And increasing the dose onlyleads to other serious side effects such as psychotic reactions. Better effects result from a combination of a low doses of L-dopa with an agonist.

There are also others reason for research into dopamine receptor agonists. It has also been put forward that long term treatment with L-dopa accelerates the degener a - tion of dopaminergic cells. This could be caused bythe enhanced generation of toxic free OH-radicals through dopamine auto-oxidation ( Vermeulen , 1994). The higher the amount of dopamine in the cell through extra L-dopa, or MAO-B inhibition, the higher the risk of toxication. If this claim is true, it is preferable to use receptor ag o - nists.

Furthermore, synthetic agonists have the advantage that theycan be made highly selective for a particular receptor. There are now five known types of dopamine r e - ceptors, and further knowledge of how theyare integrated in neural circuits that regulate motor behavior mayresult in an agonist with less (but also different) side effects.

7.6 Conclusion

In this chapter Iasked: How are theoryand experiments used in drug research for

Parkinson´s disease, according to the literature? Theories about the neurophysiology and biochemistryof the brain are used to explain the pathologyof Parkinson´s di s - ease, and the function of known drug interventions. In neuropharmacologytheory serves to guide the search for new and better drugs. In this chapter Isurveyed the d o - pamine theoryof Parkinson´s disease, and how theories about dopamine´s metab o - lism and function implysuggestions for treatment. In the next chapter Isurveypart of a pra c tice of research on Parkinson´s disease.

* * *

Chapter 8

Practice

8.1 Introduction

How are theoryand experiments used in the practice of drug research on Parkinson´s disease? Several techniques are being used to search for new drugs and explore the activityof the basal ganglia. In this chapter Ireport on how new drugs are invest i - gated and how experiments are being used to explore and test new drugs and the mechanisms of the brain at the PharmacyD e partment of the Groningen University.

For mycase-studyIinterviewed researchers Dr. B. Westerink and Dr. W. Ti m - merman . In the following sections Iwill report on their views and experimental work.

Section 8.2 presents an overview of myinterview with Dr. B. Westerink . Sections 8.3 to 8.5 report mymore extensive interviews with Dr. W. Timmerman which Ipartly conducted while witnessing her work in the laboratory.

The numbered paragraphs in these sections are translations of a selection of the verbatim responses to myquestions, which were reviewed and approved bythe inte r - viewees. Theyaim to present an objective picture of the researchers´ views on their work. Off course, all errors of translation and interpretation remain myresponsibility.

The next chapter of this thesis will present a detailed analysis of the practice that is portrayed in this chapter. The paragraphs are numbered for ease of reference.

8.2 Investigating new drugs

Dr. B. Westerink is a senior researcher, conducting his work at the PharmacyD e - partment of the Groningen University. The following text reports his views in r e - sponse to myquestions about drug discoveryin the context of drug research for

Parkinson in general, and more specificallyat his department. The interview was conducted in December 1996.

1 Drug experiments can serve to investigate how and whya drug has a particular effect, whereas that effect is often discovered byaccident. In 1960 the mechanism of neurotransmission became better understood. In 1965 it was discovered that a l - readyknown kinds of compounds had a neurotransmitter function. Carlson di s - covered that in Parkinson´s disease dopamine was deficient.

2 Byan accidental observation it was discovered that chlorpromazine, while it was being administered for a different reason, improves schizophrenia. Byfocused experiments on rats it turned out that that this drug had an effect on the amount of dopamine. The hypothesis was proposed that chlorpromazine blocks the dop a - mine-receptor, which would cause the brain to compensate byincreasing the sy n - thesis of dopamine. This hypothesis is accepted today.

3 Often you see that an effect of a drug is discovered byaccident, bya secondary observation. This will then initiate further research to understand the specific function of a drug. Later it was discovered that chlorpromazine causes parkinso n - ism as a side effect. This suggested a relation between DA and Parkinson´s di s - ease. This hypothesis [as discussed in the former chapter] is a result of further e x - perimental investigations. This hypothesis pointed to rational strategies for therapy and novel drug design.

4 One direction that is explored in Groningen is the development of selective

DA-agonists. These are chemical variants of the structure of dopamine. Those variants are experimentallytested in vivo (on live animals) and in vitro (on sa m - ples of tissue in a test tube) for their biological activityon a receptor. As a reaction to an agonist a receptor can make Cyclic-AMP. The concentration can be mea s - ured and compared with the concentration that is released after contact with d o - pamine.

NH 2

H O

H O ADTN

NH 2

H O

H O Dopamine (DA)

Figure 8.1: The chemical structure of dopamine and its variant ADTN

5 In 1977 a variant of DA was conceived byProf. Horn (former professor at the

Groningen University), called ADTN (Figure 8.1). This structure was the basis for further variants that were experimentallytested on four criteria:

1. The activityon the DA-receptor

2. Lipophilicity, the abilityto cross the blood/brain barrier

3. Metabolism, its decomposition byenzymes

4. Selectivity, its affinityfor D

1

and D

2

receptors

6 Suggestions for variants are based on experience and fingerspitzengefühl. It is hard to exactly predict what a receptor and enzymes will do with a compound. Yet the design of an antagonist is somewhat less difficult because it only has to o b - struct a receptor, while an ag o nist has to fit and activate the receptor, like a key.

7 The NH

2

-group of the best variant of ADTN was extended with two propylgroups. This increased its lipophilicityso dramaticallythat it could even be a d - ministered by a band-aid on the skin. Removing a hydroxyl-group decreased its m e tabolism.

8 The experimental search also evolves the other wayaround. When a new r e - ceptor is discovered, its genetic expression can be used to clone it. These clones are then used bypharmaceutical companies to test all their created compounds for activityon that receptor. If one of the often more than 100.000 compounds is found to be active it can be the basis for a new drug lead.

9 Another strategyis using techniques from combinatorial chemistryto create thousands of variants of a compound at the same time and test them byrapid screening techniques. If activityis observed the compound that caused it is r e - trieved and will be studied to discover its structure.

10 A computational approach builds 3D models of receptors. These are used to aid the understanding of drug docking mechanisms [how a drug interacts with a receptor] bysimulating and visualizing that process. Such simulations make pr e - dictions possible about how a protein folds and deforms.

11 If a new drug passes the criteria of the lab it will then be extensively tested.

This is a process in three phases. The first phase tests for toxicity. It is admini s - tered to animals and later to volunteers. In the second phase the drug is given to volunteering patients to test its therapeutic strength. When it passes this barrier it goes into double blind testing and will be used in hospital trials. This is an expe n - sive process, and yet the drug can still make victims, even when it passes all three stages. Genetically heterogeneous human beings are not the same as homogeneous mice. It is always possible that a slight genetic mutation will make a compound highly toxic for a particular group. Sometimes serious side-effects occur within isolated groups, e.g. in Finland or in Je w ish families.

12 Newly created or discovered drugs are also used to explore biochemical mechanisms in the brain, both in normal as well as pathological conditions. This is another area of neuropharmacology. For Parkinson´s disease the basal ganglia are of great interest.

8.3 Exploring the basal ganglia

In Groningen the nuclei called the basal ganglia were being studied by Dr. W. Ti m - merman and her students. The following text reports her responses to myquestions about Parkinson´s disease in general, and her experimental work on the basal ganglia in particular. I conducted these interviews in January and February 1997, and in

September 1998.

In this section Dr. Timmerman talks about how the basal ganglia are involved in

Parkinson´s disease, how theyare explored experimentally, and how knowledge about them can be used to treat Parkinson´s disease. In Section 8.4 Dr. Timmerman talks about a specific experiment that was conducted during the interview. Section

8.5 reports her thoughts on interpreting data from experiments in general, and the conclusion of her experiments on the role of dopamine in the basal ganglia in pa r - ticular.

13 The basal ganglia present the nuclei in the brain where the neural activityis abnormal in Parkinson´s disease. When activitychanges in the basal ganglia, all kinds of adjustments take place. Via the substantia nigra information is processed to other structures, to the thalamus, and then back to the pre-motor cortex. But we do not know how, precisely. We also do not know exactlyhow information is processed from the basal ganglia to the periphery.

14 We know that the striatum processes information via a direct and indirect pathwayto the SNR. From the nigra connections go further to the brain stem, and from there to the spinal cord. This can constitute a direct control of certain mu s - cles. But there are also pathways going back via the thalamus to the cortex. So it is also possible that for example a change in activityof the corticospinal pathwayis necessaryfor the deviation in behavior and motor control. Ithink it is a combined action. It is not just the basal ganglia and neocortex. The thalamus is involved, just like the cerebellum, which in turn also projects to the thalamus and the spinal cord. If the activitychanges in the thalamus and the neocortex byinput from the basal ganglia, then these changes can spread through the brain, making adjus t - ments elsewhere.

15 Much is known about the anatomyof the basal ganglia. It is much more r e - fined than is depicted in the model [see, Figures 3.1 and 7.3]. For example, it now seems that there are also dopaminergic neurons projecting to the Globus Pallidus

(GP) [see Figure 8.2]. It also seems that the direct pathwayhas branches to the GP

[see dotted lines in Figure 7.1].

Striatum

GP

SNC

SNR

Figure 8.2: Schematic illustration of the basal ganglia byW. Timmerman

16 These pathways are discovered bymeans of tracing methods, e.g. bycolor coding and mRNA detection. Even so, it was discovered that the striatum is not a homogeneous structure. It is now known that it contains limbic patches in a matrix

[see circles in Figure 8.2]. These areas specificallyreceive information from li m - bic areas in the cortex. From those patches specific information is processed onto the dopaminergic cells in the SNC. This is just the anatomy. These patches are chem i callydifferent, but not electrophysiologically.

17 In mystudyof the basal ganglia Ispecificallylook at postsynaptic processes. I ignore anything that happens in the dopaminergic cell. Iapplydopamine-agonists locally. In doing so Ioverrule the dopaminergic cell byactivating post synaptic r e - ceptors, the receptors on e.g. the GABA- ergic and cholinergic cells. It is not my problem how the endogenous dopamine is released bythe cell, or how it originates from L-dopa or is broken down byMAO-B. Other people look at those specific processes. That is a research preference. Of course in the end it all has to fit t o - gether.

18 Anatomically you can look at one cell, one synapse, and you can identifypr o - jections and pathways. But for function you can learn from behavioral studies.

These are often used as a measure for activityin the striatum. Bylocal infusion of

GABA-like and dopaminergic compounds in a certain part of the basal ganglia you can induce prototypical motor behaviors. Byincreasing and decreasing these compounds in different parts you can develop a concept of the role of GABA and

DA on this level.

19 If you want to know what dopamine does in the brain then you can for instance give amphetamine, a compound that will induce the release of dopamine. If you administer it to a rat, it will show stereotypical behavior. It is a simple test that shows that dopamine is related to behavior.

20 But the question is: where is this dopaminergic effect mediated? Dopamine is not located in just one brain area. There is the nigro-striatal dopaminergic pat h - way, but there are also dopaminergic pathways that lead to the cortex and the a c - cumbens. So you can specificallyinject amphetamine in the cortex, striatum or a c - cumbens. You will onlysee that specific stereotypic behavior if you inject a m - phetamine in the striatum. If you applyit in the accumbens you will mainlysee l o - comotor a c tivity, not stereotypical but an increase in locomotor behavior.

21 Behavior is a veryaccessible measure in experimental research. You have a cage, you have a rat, and you can start your research. So Istart with that. In this way you can get new ideas about what a certain transmitter or pathwaydoes in the brain, even though you are doing verylittle in the animal. You just look at simple behavior, is it running, is it stereotypical or not? You can also do verycomplicated experiments with learning models, then you e x plore different pathways.

22 In behavioral experiments you look at the end product of your injection. A n - other wayis to measure the response directlyin the brain in specific areas byi n - serting a microdialysis probe into the brain. In that waywe can measure the direct effect of amphetamine, it releases an enormous amount of dopamine. The expl a - nation for that effect is that the vesicles that contain dopamine fuse with the cell membrane, resulting in the release of dopamine in the synaptic cleft.

23 The research that Iam doing aims to bridge the gap between our knowledge about the anatomyof the basal ganglia and pharmacology/physiology. From the anatomywe know that there is a connection between dopaminergic pathways and the striatum. But what is the effect of a dopamine transmitter on the striatal cells?

That is still not entirelyclear. It is an essential question.

24 In Parkinson´s disease dopamine depletes in the striatum. That appears to be a major problem. To solve that problem you can administer L-dopa or dopaminergic agonists. But these turn out not to be ideal therapeutics because after a while side effects appear and theygraduallyloose their therapeutic effect. What you rather want to know is the function of dopamine in the striatum. If you have a better idea of its function it maybe possible to use other, more specific compounds. So, it is essential to know what dopamine does in the striatum.

25 We have learned that there are two main subtypes of dopamine receptors in the basal ganglia, D

1

and D

2

. So Iwork with compounds that are specific for those subtypes. But what is the function of those subtypes? In the literature this question has been asked manytimes. Should we just use a compound specific for D

2

or one that acts on both types, such as e.g. apomorphine? This compound has not been used for a while because of its manyside effects. But it now seems to be a reaso n - able alternative.

26 Also L-dopa has D

1

/D

2

affinity, simplybecause it results in more dopamine that acts on both subtypes. It is an ongoing discussion, what is ideal? You want to replace dopamine, you cannot use dopamine itself, so what do you need? Do you need to activate onlyone subtype so that you restore function, but not induce side effects? Is activation of D

2

receptors enough, or do you need a little bit of D

1

r e - ceptor activation too, and what is the ratio?

Searching a treatment

27 The problem of all dopamine-agonists is that theyalso have side effects in the periphery, in other places of the bodylike the heart and veins. You can counteract that byadministering peripheral dopamine antagonists, like domperidome, t o - gether with a dopamine agonist. That will relieve side effects like nausea, but has its own side effects.

28 Another difficultyis that you have to find a proper dose that maydiffer per person. Too much DA-stimulation will lead to an over-activation that can induce e.g. spontaneous dystonias. [ Dystonias are movement disorders in which sustained muscle contractions cause twisting and repetitive movements or abnormal po s - tures.] Usuallyafter about five years patients will be increasinglyin an off-period.

In an on-period a patient reacts positivelyto medicine. In an off period the rea c - tions are either poor or hyper.

29 In theory you tryto maintain a level of dopamine receptor stimulation bya d - ministering dopamine agonists. But when you applya compound the sensitivityof the receptors changes. In Parkinson patients the dopamine receptors become h y - persensitive as result of the dopamine depletion. Bya process of up-regulation the number of receptors on cells increases. This changes, for instance, also the uptake of dopamine. There are all kinds of mechanisms that act as soon as something changes, to compensate for the change.

30 Byadministering an agonist you tryto reestablish the situation that was normal before the degeneration of the dopaminergic cells. But you do not know what that situation was. In the clinical practice, different doses are tried until the patient´s motor behavior returns to normal. But that dose might not be comparable to the amount of dopamine that was normallyreleased before the degeneration. When you start medication the receptors are still hypersensitive. But that will change, and the induced effect will eventuallydecrease, so the dose should be adjusted.

31 There are methods to establish sensitivity. But there are also all kinds of co m - pensation mechanisms on other levels than the dopamine system. Changes in d o - pamine induces changes in acetylcholine in the striatum, and also changes in

GABA and glutamate. So, how to solve that problem, how to chart that system and how to restore it to normal?

32 The clinical studies are a kind of trial and error. The therapyis thought to be adequate when the patient responds well. Parkinson patients respond well to d o - paminergic agonists, but also to cholinergic antagonists. There has been long di s - cussion about an explanation for that effect. It is thought that there is a DAacetylcholine balance in the striatum. When dopamine increases, acetylcholine d e - crease, and vice versa. That would explain whydopamine agonists and acetylch o - line antagonists have a similar effect.

33 Bydoing basic experimental work it now appears that stimulation of D

2

r e - ceptors on cholinergic neurons does indeed inhibit the cell, explaining the balance.

But, via D

1

receptors and via the cortex dopamine can also stimulate acetylch o - line. So there is a delicate balance between an inhibitoryand excitatoryeffect of

DA on acetylcholine functioning. It can onlybe discovered bybasic experimental research. How to incorporate such specific knowledge into the practice of treating

Parki n son´s disease is another problem.

34 Another approach is to studythe effect of using NMDA antagonists. NMDA is a glutamate receptor subtype. Maybe we should use such a compound in comb i - nation with a dopaminergic therapeutic to create the optimal effect. However, the problem is that glutamatergic activation will influence the whole brain. You i m - mediatelyinteract with all kinds of other areas, so that will not be mybest bet. Yet if you would understand how glutamate interacts with dopamine then you could judge this better. But given our current knowledge it is still a long wayto go b e - fore we can easilyinfer what to do.

35 For myown research Iwant to know what the effects are of D

1

and D

2

receptor stimulation in a healthysituation. If you got a good idea of that, you can look at a lesioned model to verifyif the effect is the same in the pathological situation. Is the interaction between glutamate and dopamine and dopamine receptor subtypes still traceable in the same way? If that is not the case then you must better esta b - lish what kind of compensation is involved after a dopamine cell lesion.

Using the model

36 At the moment the role of dopamine in the striatum is still a matter of debate.

We have a model which claims that there are excitatoryD

1

receptors on the direct pathway, being separated from the inhibitoryD

2

receptors on the indirect pathway.

But if you look at the literature, all kinds of gaps emerge in this story. It is plea s - antlysimple, but it completelylacks nuance.

37 For example, it is dubious whether D

1

receptors are located onlyon the direct path and D

2

receptors onlyon the indirect pathway. This claim alone is subject of enormous debate. There is a group of well known anatomists that claim that there is a division, based on studies of rats and monkeys with a dopaminergic celllesion. A wayto discover the presence of receptors in pathways is bylooking at messenger RNA. But with the same methods another group claims that D

1

and D

2 receptors are present on both pathways, with no absolute se g regation.

38 Myown data also do not fit the model. The model explains manyfindings but also leaves a lot of questions. But in the literature manyauthors appear to just treat the model as given, apparentlywithout questioning it. This is something that i n - trigues me. Even though it does not fit the data well, it has gained enormous popularity. Why? Ithink that it is because the model fits the way you think that it will work. It provides a prediction that you can easilyunderstand. It is simple and it is beautiful to work with. That is whyIthink so manypeople just take it for granted without questioning it.

39 The reason that it is beautiful is the following. Upon activation of the cortex you get a glutamate activation in the striatum. Now if glutamate acts in a similar manner on both the direct and indirect pathway, you get a net reciprocal effect in the SNR, theycounteract each other. The model shows that dopamine acts syne r - gisticallywith glutamate stimulation via the D

1

receptor to increase the amount of

GABA in the SNR, inducing an inhibition of the nigral activity. At the same time dopamine inhibits the indirect path that would increase nigral activityvia the D

2 receptors, therefore diminishing the excitation of the nigral cells. So, dopamine let the activities of both pathways point in the same direction. It stimulates the direct pathwayand inhibits the inhibition via the indirect pathway. The net result is a d e - crease of activation of the SNR. This is associated with behavioral activation. It increases the activation of the thalamus and brainstem, which coincides with all kinds of activity.

40 That is whyit is beautiful, dopamine is a compound that facilitates activation.

For example, with amphetamine you see stereotypical locomotion activity. You can understand that behavior using the model that says that an increase of dop a - mine r e sults in SNR inhibition, which enables behavior activity.

8.4 Testing the model

In this section Ireport on how Dr. Timmerman used the basal ganglia model to co n - duct her own experiments in the laboratory. Part of the interview was conducted in the laboratory.

41 The model is subjected to heavycriticism. The first thing Idid was to check whether a change in activityof striatal cells caused a change in the SNR. Iinfused glutamate agonists of several receptor subtypes and an immediate decrease of a c - tivitycould be observed in the SNR. That means that apparentlythe direct route is stronger than the indirect route, as otherwise activation of the latter pathway would induce an increase in activity, given the model. So Itried several glutamate agonists to confirm the model.

42 After that we did a test with a D

1

-agonist. The result was a veryslight d e - crease. Although the effect was verylimited, it would be in accordance with the model. However, application of a D

2

-agonist induced a gradual but again verym i - nor increase. If any, it does not fit the model. So is there a real segregation b e - tween the two pathways? The effects are hardlynoticeable.

43 But is activation of the D

1

receptor always stimulating? In vitro studies never show a stimulation byD

1

receptor activation. If you prepare slices of the striatum and you applya D

1

agonist you will not see a stimulation but an inhibition. That does not fit the model. So for me it is more like a model you work with, knowing that there is a lot more nuance to it. Also people that perform those in vitro studies never talk about this model. It does not fit their data, so whywould theyaccept it.

44 What we know from other electrophysiological studies is that GABA- ergic neurons in the striatum are hardlyactive, under basal conditions. You can easily activate them with gl u tamate. We assume that dopamine modulates the glutamate-

GABA interaction in the striatum. But if there is verylimited activityin the stri a - tum, a modulator will hardlybe effective. So Ithought, let´s give a slight activ a - tion of the striatum byglutamate, and then let´s see if we can make the modulating role of D

1

and D

2

agonists more apparent. The literature also implies that the role of dopamine depends on the influence of glutamate.

45 Mypresumption is, D

1

probably excitates, D

2

probablyinhibits, possiblyon different pathways. Can Iconfirm this, or cannot I? Well, Icannot confirm ever y - thing. Under basal conditions, without activation byglutamate, you can not speak of dopamine as a modulator, because there is nothing to modulate. That was my former study. Having finished that, Iam now searching for a better start situation.

That means Ihave to induce a slight glutamatergic activation locallyin the stri a - tum. Itried that, but it was difficult. You cannot have a nice constant activation because all kinds of other systems immediatelytryto compensate the increase in activity.

46 What Itried together with a student of mine, is to stimulate at the level of the cortex with a glutamate agonist, and look if this activation is noticeable in the

SNR. You expect that the activation of the cortex will release glutamate in the striatum, that will consequentlyresult in activation of GABA- ergic neurons. D e - pending on what pathwayis the strongest, this should decrease or increase the a c - tivation of the SNR. So first we want to know which pathwaydominates upon a c - tivation, but onlyto search a situation to again test the role of dopamine in the striatum.

47 After performing these studies it seemed that the cortex is not the best place to start the activation. So now we tryto start with activating the thalamus. The thalamus projects both via the cortex and directlyon to the striatum. That would create a general activation in the striatum. We have seen that if you infuse a gl u - tamate agonist in the thalamus, just for ten minutes, then you will see a slight r e - action. Yet we could not confirm this in later studies.

48 The suggestions to change experimental conditions are based on both the model and our former experiences. According to the model glutamate with D

1

r e - ceptor activation will i n crease the activation of the SNR, theyamplifyeach other.

49 The test we are running now [Feb. 26, 1997] is to first infuse a D

1

agonist into the striatum. Secondlywe will give a glutamatergic stimulation of the striatum to find out if D

1

cooperates with glutamate to induce an increase of GABA and hence an inhibition of the SNR. We want to find out if the presence of a D

1

agonist makes a difference. We have done this D

1

agonist infusion three times already. We have seen some reaction, but verylittle.

Performing microdialysis

50 In the laboratorywe use brain dialysis probes. Such probes consists of a small glass tube with at the bottom a semi permeable membrane and at the top two e x - tensions, an inlet and an outlet. If a fluid is infused via the inlet, diffusion into the surrounding tissue at the tip of the probe occurs. You can infuse compounds in this way, but you can also sample from this area. Depending on where the area of interest is located in the brain, and what the dimensions are of this brain area you can make longer or shorter dialysis probes.

51 You can implant the probe in the brain in such a waythat the tip is at a specific location. For our experiments we use Wistar rats. You can find a location in its brain using the atlas of the rat brain. Ours is falling apart because of its extensive use. The atlas portrays the whole brain from back to front in slices. We want to put our probe in the striatum. This area is relativelylarge, and both rats and human beings have two striata. It is a stretched out area that runs through a large part of the brain. To put in a probe you look at the coordinates of the map. These are standardized for a Wistar rat of 300 gram, and you look for particular blood ve s - sels. The bregma at the center on top of the skull is a reference point. All brain slices portrayed in the map have a known distance from the bregma. For the stri a - tum you look at the map that is just behind the bregma, the probe should be l o - cated 3.5 mm to the side, and 7 mm deep.

Figure 8.3: Example slice from the rat brain atlas

52 We place an anesthetized rat in a stereotactic apparatus, that clamps its scull bythe ears and at the nose. Using this apparatus you can exactlydetermine a given location, using the bregma as a reference. When we find the given location and drill a small hole in the scull of the rat. After that we slowlylower a probe inside.

We seal the probe with a screw and some cement. You prepare a rat a dayin a d - vance. When we add an electrode, to measure electrical activity, we always do this just before the actual experiment starts.

53 The inlet of the dialysis probe is connected to an infusion pump. Veryslowly an ionic fluid is infused through the brain area, and it leaves the brain via the ou t - let tube. The fluid that comes out reflects the compounds that are present in that location at that moment. That fluid is guided through a system that analyzes a sample everygiven time-interval. That system can be set up to measure particular compounds, such as amino acids, dopamine, noradrenaline, etc. The compounds are separated in a column from where theyare guided to a detector. For example, for amino acids we use a fluorimeter that registers the degree of fluorescence that is detected and plots those values against time.

54 In the case of our current experiment we have put in two microdialyis probes, one in the thalamus and one in the striatum. Additionally, in the SNR we place an electrode, which is an isolated wire with a small uncovered tip. This tip can mea s - ure electric activityoutside the cell, it is still to large to measure intracellularly. In this waywe can make an extracellular recording of action potentials. You pick up those signals from one or two nearbycells. You can determine what kind of cell you are measuring bylooking at characteristics of the action potential. When we lower the electrode we actuallytryto find a particular cell type bylooking at the kinds of signals, given descriptions in the literature. The SNR neurons are d e - scribed as being tonicallyactive, displaying a high firing frequency, and exhibiting a nice thin action potential. We have to find the correct type since other cell types mayalso be present in the same area. In this experiment it is easybecause the

SNR mostlycontains the same type of cells.

55 To diagnose the cell signal type we use a computer program that records te m - plates of signals we are interested in. You record an example of a signal and tell the program to start looking out for those types. It distills the signals from the noise. We know that an SNR action-potential lasts about 0.7 milliseconds. Any signal that takes longer will be ignored. Depending on the location of a cell and its connections, it displays a particular electrical activity. The activitydepends on i n - coming signals from other cells or it can fire spontaneously. In our experiment we know that the cell fires about 20 to 40 times a second. An extra condition for this experiment is that the firing frequencyremains stable in time. If the activitywe monitor deviates from those conditions we start looking for another cell bymo v - ing the electrode again. To find good cell activityone has to learn; it will take time, patience and frustration.

56 When all conditions are met we start the experiment. We need a good base line, a good firing frequency, the activityneeds to be tonic, the rat should be well anesthetized. All conditions should remain stable for half an hour. Then we record a base line of the activation for ten minutes, and start the fluid infusion. That is all still part of the preparation. When all goes well up to that point we decide to start the actual experiment or wait or look for another cell. If everything looks good we do not touch the rat anymore and start the experiment. The onlything that remains is to change the syringe from the one containing an isotonic fluid to the one that contains the isotonic fluid with the drug to be applied and start the drug infusion.

The compound will enter the brain and now all we need to do is see what will happen.

57 We have done a test with a D

1

agonist. After half an hour stabilitywe started the infusion. From that moment we knew that the compound was inside the rat´s brain and an effect can appear, and than you graduallysee an effect. Most of the times we hardlysaw anything, but a few times we saw a slight decrease. So the D

1 agonist has little effect, it hardlydeviates from the start condition, but you have the feeling that it has a slight inhibiting effect. Under these conditions amphet a - mine has a similar slight effect. You also have the feeling that it suppresses, but onlyverylittle. So if any, it seems to work in the same wayas a D

1

-agonist.

58 Bytrying a D2-agonist we saw that it did something different, it gave a gradual increase of activity. Therefore D

1

and D

2

agonists seem to act differently. But the effects are hardlynoticeable. That is whywe induced a situation where the stri a - tum was activated. If you infuse a glutamate agonist in the striatum, you see an immediate and verystrong effect, that onlylasts for a limited amount of time.

Hence, what Ithen looked for was a relativelylow dose to create a more stable activation to use as an activated condition.

59 When the experiment is finished we applya small amount of current on the electrode to burn a little hole, which will mark the location. Then we sacrifice the rat, and remove its brain. You end up with a whole series of jars with brains in them. Then you plan a daywhen you will slice up all those brains. With the help of the brain atlas and the marked position of the electrode tip you determine the exact location of your measurements.

8.5 Interpreting the data

In this final section Ireport on myquestions to Dr. W. Timmerman about the inte r - pretation of laboratorydata in general, and the published conclusion about her inve s - tigation in particular.

60 Sometimes the data you obtain deviates from what you expected, or the ou t - come of one experiment is verydifferent from the rest. In the latter case it is po s - sible that the probe location was wrong. This would give you a reason to remove these results from your sample. However, if that is not the case you will have an anomaly.

61 If Ifind an anomalyIcheck the experiments just before and after in the same series to see if something can be traced from that. Also the experiment has to feel right. For instance, sometimes a signal is hardlynoticeable in the noise, and then it alreadycasts some doubt.

62 But if the template was good, the stabilitywas in order, and you still see a d e - viating response, and it was one deviation in e.g. five others, then Ijust mention it in the results section of an article. One rat was an exception for an unknown re a - son, so be it. As an average we always repeat an experiment five to six times. You cannot base anything on one observation. Sometimes we follow one experiment, but often it turns out that it is still different. You cannot publish anything based on one experiment.

8.5. Interpreting the data 121

63 Another influence on your data is the anesthetic. For instance, ketamine is an anesthetic that acts on the glutamate receptor. You do not want that. There are all kinds of arguments to use anesthetic. It is less stressful for the animal. You have more stabile activitycompared to animals that are awake. But because the striatum is involved in motor behavior you never can be sure that it does not influence your data. You do not know until you also check it with awake animals.

64 Yet another factor is that in Parkinson research animal models are used that are lesioned with for instance MPTP [see Section 7.2], but that maynot reflect the entire or precise pathological situation. So conclusions about the model maynot be true for the di s ease.

65 Another issue is that manyeffects in experiments with systemic dopaminergic injections are ascribed to the striatum. This is indeed one of the areas where e f - fects can be mediated. But an effect can also be directlyinduced in the accumbens or the SNR. You could be wrong byclaiming that it was the striatum. DA released from dendrites can also be involved. That is another complication. So it is not all that easyto establish the functional role of d o pamine.

66 For the manipulations in our research we focused on glutamate and dopamine intera c tions. But in the back of your mind you know that there are also dopamineacetylcholine i n teractions, and all kinds of peptides, and the influence of GABAergic neurons. So you leave out a great manyto keep a grasp on what you are d o - ing. So if you find things that you can not easilyunderstand, there are manyexpl a - nations possible. You know you cannot explain everything byjust measuring d o - pamine, glutamate and GABA, there is much more to it.

This concludes myinterviews with Dr. Timmerman about her work and experiments up to February1997. In later tests Dr. Timmerman further experimented with diffe r - ent setups, such as beginning with a glutamate agonist infusion, followed with a gl u - tamate agonist infusion in combination with DA-agonist. About this work she and her coworkers published the following co n clusion:

67 ^To gain insight into the role of striatal dopamine in basal ganglia functioning, dopaminergic drugs alone, and in combination with the glutamate receptor agonist kainic acid were infused in the lateral striatum via a microdialysis probe, while single-unit recordings of substantia nigra reticulata neurons were made in chloral hydrate-anaesthetized rats. Striatal infusion of dopaminergic drugs did not signif i - cantlyaffect the firing rate of substantia nigra reticulata neurons, which was r e - lated to the low activityof striatal cells under basal conditions, illustrated bythe lack of effect of striatal infusion of TTX on substantia nigra reticulata activity.

Under glutamate-stimulated conditions, striatal infusion of d -amphetamine pote n - tiated the inhibition of substantia nigra reticulata neurons induced by striatal ka i - nic acid. Thus, under stimulated but not basal conditions, the modulatoryrole of dopamine in the striatum could be demonstrated. Dopamine potentiated the i n - hibitoryeffect of striatal kainic acid on the firing rate of the basal ganglia output neurons.~ (W. Timmerman , F. Westerhof, T. van der Wal and B. Westerink , 1998)

8.6 Conclusion

The specific question for this chapter was: how are theoryand experiments used in drug research for Parkinson´s disease, in practice? Itried to present an image of a practice in neuropharmacologybyinterviewing two scientists about their specific work in investigating new drugs, exploring the functions of part of the brain, testing a model of those functions and interpreting the data.

Overall, neuropharmacologic research can be characterized as searching, unde r - standing and testing a wayto make the characteristics of a pathological systems r e - semble a healthysituation. Experiments are used to chart both situations, and to tryto bring one situation closer to the other bydrug manipulations. In the next chapter I will analyze the specific problems addressed in the practice, as described in this chapter, in detail.

* *

Chapter 9

Discovery

9.1 Introduction

In Chapter 8 Ireported on myown epistemological experiment, where Iobserved and inquired about a scientific practice, the process of discoveryin neuropharmacology.

Chapter 7 reported on a part of the theorythat is used and developed in that practice.

In this final chapter Ianalyze both the theoryand practice, using the concepts from mytheoretical discussion of discoveryin Part II. The particular question that is a n - swered in this chapter is: what is the rational use of theoryand experiment in neur o - pharmacology? For mydescription of discoveryin neuropharmacologyIwill pursue answers to the three specific questions of this thesis, i.e. 1) what is the structure of a scientific theory? ; 2) what is the process of scientific reasoning? ; and 3) what is the route between theoryand experiment?

In answering these questions in this chapter Icombine the theoretical approaches of logic as introduced in Chapter 4, and cognitive science, as discussed in Chapter 5.

Mymain goal is to describe the practice of neuropharmacology. Iwill use the pro b - lem solving concepts from cognitive psychologyto describe steps in the process of discovery, while Iuse the concepts of the logical approach to describe the products of that process. Myaim is not to explain the particular directions of the search process that is described, byextracting and representing implicit knowledge as production rules. Those rules are dependent on the personal experiences of researchers and learned in a particular practice, as argued in Sections 5.7 and 5.8.

To analyze the structure of the DA theoryIwill first, in section 9.2, introduce a logical approach to represent the structure of theories in general, and dynamical sy s - tems in particular. Then, in section 9.3, Iformallyrepresent the theoryof the basal ganglia as a qualitative differential equation, to answer the first question of this thesis for the case study. Before going into the second question, the third question is a d - dressed in section 9.4, where Idescribe the route between theoryand experiment in the problems faced in the practice of neuropharmacology. In section 9.5 Igo into the process of reasoning in explanation, prediction and design. Iwill also discuss how a description of that process could be applied in that practice. Finally, in section 9.6 I end with a general conclusion, discussing the consequences of myobservations and anal y sis of the case for the theoryabout discoveryas discussed in Part II.

9.2 Models

The first question Iwill address is, how to understand the structure of the DA theory of Parkinson´s disease. And secondly, how does it explain the effect of known trea t - ments. In this section Iwill introduce a model theoretic approach to the structure of theories.

The structuralist approach in the philosophyof science characterizes a theoryby its models, conceived as structures. (Th.A.F. Kuipers , 2000). A structure, in this context, is usuallyrepresented as an ordered set of variables, functions and constants.

A structure is called a model of a theoryif the theory, seen as a proposition about that stru c ture, is true.

The core of a theoryconsists of a set of models M which is a subset of all co n - ceptuallypossible models M

P

given the vocabularyof the theory. The difference b e - tween M

P

and M are all models that the theoryexcludes and is called the empirical content of a theory. It contains all the potential falsifiers of the theory. Given a d o - main D of application of the theoryit is assumed that there is a subset of M

P

that are the empiricallypossible models of that domain. A weak empirical claim states that all empiricallypossible models are models of the theory, a strong claim also asserts that theyare equal.

For myexposition Iwill characterize a theorybyits vocabularyof variables, the quantityspaces of those variables (a quantityspace of a variable defines the range and type of values of a variable), and constraints on the values of those variables, given that theyrepresent together the set of possible models and models of the th e - ory. Iwill further make a distinction between a theoryT, which is basicallya set of definitions, and a hypothesis H which is a statement that asserts that the properties of phenomena in domain D can be characterized bythe vocabularyV and bythe models of theoryT.

Definition 1 Theory. The ordered set á V, Q, C ñ of variables V, quantityspaces Q and constraints C represents a theory. The theorydetermines an ordered set á M

P

, M

T

ñ that contains the conceptuallypossible models M

P

, given V and Q, and the models of the theoryM

T

, given the constraints C on V.

Definition 2 Hypothesis. The ordered set á V, Q, C, D ñ represents a hypothesis where a theoryis applied to a domain D. The hypothesis determines the ordered set á M

P

, M

T

, M

E

ñ , that contains the conceptuallypossible models M

P

of a domain D given possible descriptions byvariables V and quantityspaces Q; the models M

T

of the theoryof the domain given constraints C on V; and the empiricallypossible mo d - els M

E

of the phenomena of domain D. The hypothesis asserts that the set of empir i - callypossible models M

E

is a subset of, or equal to, the set of models M

T

of the th e - ory.

A model of a phenomenon in a domain is a structure that represents certain aspects of that phenomenon in terms of a set of interpreted variables with particular quantities.

The structures that are possible according to the constraints C from a theoryare called the models M

T

of that theory. The conceptuallypossible models M

P

is the set

9.2. Models 125 of all the models that are possible if you combine all possible variables from V with all their possible quantities from Q.

The relation between the conceptuallypossible models M

P

, the models of the d o - main M

E

and the models M

T

of a theoryin a hypothesis can be graphicallyrepr e - sented as in Figure 9.1. The different intersections represent subsets of structures that constitute either a success, an anomalyor a problem for the theory. The goal of e x - planation is to find a hypothesis, such that a better hypothesis has less problems (su b - set 1) or anomalies (subset 3) then a competitor (Th. Kuipers , 1992, p.303).

4 3 2 1

M

P

M

T

M

E

Figure 9.1: Models M

T

of a hypothesis and empiricallypossible models M

E

of the phenomena of a domain, both part of the conceptuallypossible models M

P

Subset M

T

M

E

1 1 0 Explanatoryproblem

2 1 1 Explanatorysuccess, confirming instance

3 0 1 Empirical anomaly, counter example

4 0 0 Explanatorysuccess

Table 9.1: Subsets of conceptuallypossible models M

P

of a domain

To understand the theoryof Parkinson´s disease we can understand it to be a h y - pothesis about the dynamical behavior of the brain. The theoryasserts what kind of states and behaviors are possible. The set V and Q describe the known structural properties of the brain, and the constraints in C describe the assumed functional rel a - tions between those properties. A variable x of a structure is related to variable yif there is a functional constraint in C, such that y= f (x).

Disease and intervention

To understand the research problems in pharmacologywe need to extend our v o - cabulary. Pharmaceutical research is not onlyinterested in how to explain observ a - tions of a pathological biological system. It also aims to know how to treat it, and whya treatment works. For this we can introduce two extra subsets of M

P

, the mo d - els of a biological system that is influenced bya (drug) intervention, M

I

, and the models of phenomena that we wish to cause, the set M

W

, see Figure 7.3.

Given a set of conceptuallypossible models of the behavior of a biological system a set of drug interventions can be assumed to cause behaviors represented bythe set

M

I

, while the set M

W

represents the set of wished for behaviors. Let M

E

represent the empiricallypossible behaviors of a living organism with a given biological structure.

Hence if the assumptions are co r rect M

I

should be a subset of M

E

.

In Figure 9.2 subset 1 denotes an undesired behavior that is not treated byknown interventions. Subset 2 contains unsuccessfullytreated system behavior and u n - wanted side effects of a partiallysuccessful drug treatment, while subset 3 denotes behavior that is successfullytreated. Subset 4 maybe equal to health, given that W denotes health. Subset 5 can contain a behavior that is not possible given the biolog i - cal structure of the organism, but can still be desired. Subset 6 equals the peripheryof both possibi l ityand interest.

4 3 2 1

M

E

M

I

M

W

5

M

P

6

Figure 9.2: Empiricallypossible models M

E

of a biological system, wished for mo d - els M

W

, and models M

I

of a system that is influenced byan intervention, all part of co n ceptuallypossible models M

P

of a biological system

Subset M

E

M

I

M

W

1 1 0 0 Disease, untreated byknown interventions

2 1 1 0 Disease, treated with side effects

3 1 1 1 Successfullytreated

4 1 0 1 Health

5 0 0 1 Desired, but not empiricallypossible

6 0 0 0 peripheryof interest and possibility

Table 9.2: Subsets of conceptuallypossible models M

P

of a biological system

These three sets define the main goals of neuropharmacology. It is a goal to d e - scribe and explain M

E

, what kinds of values of variables describing the brain and b e - havior of the organism are empiricallypossible, and why? It is also a goal to dete r - mine what kinds of states and behaviors M

W

constitute health, or are desired for other reasons. And finallywhat kind of drug or other medical interventions cause those d e - sired behaviors.

Dynamical systems

In neurobiologythe function of the brain is described and explained as a complex d y - namical system. In physics, the most powerful tool to model a dynamical system is by making use of differential equations. Variables represent properties of the system

9.2. Models 127 whose values can change over time. Bydefining the specific relations between those variables those values can be pr e dicted, given an initial state of the system.

Empirical studies of both the brain and behavior in Parkinson research results in manyquantitative data, correlating variables of the activation frequencyof nuclei and neural pathways and local concentrations of different kinds of neurotransmitters. Yet those relations are not sufficientlyknown to define them as a quantitative equation.

The relation is onlyknown qualitatively. Manyresults of empirical studies of the brain amount to conclusions such as e.g. if the value of this variable changes in this direction, the change of the value of that variable in that direction is statisticallysi g - nificant. In this waythe theorythat explains Parkinson´s disease can explain whythe activation of the thalamus decreases, when the concentration of DA in the striatum significantlydecreases.

While these results are insufficient to define a model with the aid of an ordinary differential equation, theycan be represented bya more abstract qualitative differe n - tial equation (QDE), cf. (B. Kuipers , 1994). A QDE can be defined as follows:

Definition 3 Qualitative differential equation. A Qualitative differential equation

(QDE) represented bythe ordered set á V, Q, C ñ is an abstraction of an ordinarydi f - ferential equation (ODE):

dV/dt = C(V) where V is a set of variables each of which is a reasonable function over time, whose values are described in a finite set of qualitative landmark values belonging to Q, and

C is a set of co n straints between those variables.

Definition 4 Reasonable function v

Î V. Given an interval of the set of real nu m -

bers extended with ¥ and - ¥ , [ a,b] Í Â *, the function v: [a, b] ® Â * is a reasonable

function over [a, b] if

1. v is continuous over [a, b]

2. v is continuouslydifferentiable over (a, b)

3. v has onlyfinitelymanycritical points in anybounded interval,

4. the one-sided limits lim

t ® a v´(t) and lim

t ® b v´(t) exist in Â * and are defined

as to be equal to v´(a) and v´(b), respectively.

Definition 5 Quantity space q Î Q. A quantityspace q is a finite, totallyordered set

of landmark symbols such as - ¥ < l

1

< ...< 0 <...< l

k

< ¥ that describe qualitatively

important di s tinctions for a variable.

Important distinctions described bylandmarks are values of variables that change in

time and become steadyor start to increase or decrease at a certain time-point. The

qualitative value of a variable v at time-point t is expressed bya landmark from its

quantityspace and a direction of change.

128 Chapter 9. Discovery

Definition 6 Qualitative value at a time-point. The qualitative value QV(v, t) of a

variable v(t) with respect to a quantityspace q = á l

1

, ... l

n ñ is defined bythe tuple

á qmag, qdir ñ where,

qmag = l

i if v(t) = l

i

,

(l

i

, l

i+1

) if v(t) Î (l

i

, l

i+1

)

qdir = inc if v´(t) > 0

std if v´(t) = 0

dec if v´(t) < 0

In a QDE the possible values of the variables in V are constrained byconstraints in

C. The constraints in C can consist of constraints corresponding to additions, mult i -

plications, negations, derivatives, and incompletelyknown functions specified only

as b e ing part of a monotonicityclass.

The last categoryis relevant for our case. We can know about a function f between

two variables v

1

(t) and v

2

(t), v

1

(t) = f (v

2

(t)), that it belongs to either M + , the class of

monotonicallyincreasing functions, or M ˘ , the class of monotonicallydecreasing

functions. That is, for every f Î M + , f´ > 0, and for every f Î M ˘ , f´ < 0 over the d o -

main of the function. These classes can be generalized to multivariate functions so

that e.g. M + ˘ is the class of functions v

1

(t) = f (v

2

(t), v

3

(t)), such that ¶ f / ¶ v

2

> 0 and

¶ f / ¶ v

3

< 0.

The constraints C in a QDE define which qualitative states and behaviors are po s -

sible. So C amounts to a theoryabout a system. We can define the qualitative state of

a dynamical system at a distinguished time-point, or on an interval between two di s -

tinguished time-points.

Definition 7 Qualitative state. The qualitative state of a dynamical system d e -

scribed bym variables V at time-point t

i is an ordered set of individual qualitative

values at a certain time-point or time interval from t

i , to t

i+1

:

QS(V, t

i

) = á QV(v

1

, t

i

), ..., QV( v

m

, t

i

) ñ

QS(V, t

i , t

i+1

) = á QV(v

1

, t

i , t

i+1

), ..., QV( v

m

, t

i , t

i+1

) ñ

The qualitative behavior of a dynamical system can now be defined as an ordered set

of qualit a tive states:

Definition 8 Qualitative behavior. The qualitative behavior of a dynamical system

with variables V on time interval [t

0

< � < t

n

] is a sequence of qualit a tive states:

QB(V) = á QS(V, t

0

), QS(V, t

0, t

1

), QS(V, t

1

), ... , QS(V, t

n

) ñ

The possible states and behaviors of a system can be seen as models of the differe n -

tial equation. Benjamin Kuipers developed a computer program called QSIM that can

generate those models. It takes as input a QDE and an initial qualitative state d e -

scription and produces a tree of possible state sequences. This can be seen as:

9.3. Theory 129

QSIM( á V,Q,C ñ , QS(t

0

)) = M

such that M is an ordered set á S, B ñ , where S is a set of all possible qualitative states

and B is a set of all possible qualitative behaviors, i.e. totallyordered sets of qualit a -

tive states, consistent with C ( cf. Schultz and B. Kuipers , 1994).

It can be proved that given an ordinarydifferential equation (ODE) and its QDE

abstraction, all abstractions of genuine behaviors of the ODE are generated byQSIM,

but also some behaviors that are not an abstraction of a genuine ODE behavior. It can

predict spurious behaviors, not predicted bya numerical solution of the ODE. It r e -

mains an open research problem whether qualitative solutions can be made complete

or are inherentlyincomplete. But to put this problem in perspective, numeric alg o -

rithms also mayproduce non- sensical solutions due to round-off errors and careless

simulation around singular points (De Jong, 1998).

In the next section Iwill use the QDE representation to explicate the structure of

the dopamine theoryof Parkinson´s disease, and how it explains the function of

known treatments.

9.3 Theory

Neurobiologists studythe processes of the brain, e.g. byrecording values of activ a -

tion frequencies and concentrations of neurotransmitters in different locations of the

brains of guinea pigs, Wistar rats, or monkeys. When the values of two variables v

1

and v

2 are consistent with a monotonic function in all trials of an experiment, a co r -

relation could be proposed.

This is a simple style of descriptive induction, theyare monotonicallyrelated in

the sample, so theyare monotonicallyrelated in all brains, of the sample organism or

even in the human brain. It becomes an explanation if it is hypothesized what pro c -

esses make it so that the variables act in that way.

In Parkinson research it is observed that the increase of symptoms is correlated

with a substantial decrease of the availabilityof the neurotransmitter DA, which is

due to a decayof the substantia nigra pars compacta (SNC). The model of the basal

ganglia aims to explain whythe decrease of DA can lead to these symptoms, bye x -

plaining whythe activation of the SNR i n creases as a result of this decrease.

Iwill formallyreconstruct this explanation byfirst representing the model of the

basal ganglia as a qualitative differential equation. This equation serves as a hypoth e -

sis from which it can be deduced that given a decrease of DA, an increase of the SNR

activation is a consequence.

Iwill also show how the activityof known treatments can be explained as well.

This elaborate reconstruction will serve myanalysis in section 9.4 about how the b a -

sal ganglia hypothesis itself is tested experimentally. The process of drug design will

be discussed in section 9.5, where Iwill argue how such explicit models can be used

to infer possible new interventions.

130 Chapter 9. Discovery

Theory of the basal ganglia

The basal ganglia theoryis a qualitative theoryabout a dynamical system, so we can

represent it as a QDE. We defined a QDE as a tuple á V, Q, C ñ , where V is a set of

variables which are reasonable functions over time, Q is a set of quantityspaces for

those variables, and C is a set of constraints. In the basal ganglia theorythere are two

basic variables describing firing rate ( f ) of nerve cells in a cell group, nuclei or pat h -

way, and the amount ( a ) of a particular neurotransmitter released in the vicinityof a

cell group, nuclei or neural pathway. The relation d/ dt y= M + x is used to state that

the change of values of yover time is monotonicallyrelated to the change of value of

x. It is a matter of debate whether this relation represents a causal direction from x to

y, for discussion see Iwasaki & Simon (1994).

Iwill represent the model of the basal ganglia as depicted in Figure 3.1, which was

used bydr. Timmerman (1992). While this model could be further extended to i n -

clude other influences, such as those of substance P and enkephalin, as depicted in

Figure 7.4, the simpler model suffices for myanalysis of the observed practice. The

notation x-to-yin the cell groups denotes the neural pathwayfrom cell group x to cell

group y. Ifurther abbreviate SNR/ Gpi to SNR. So, we can define the basal ganglia

theoryas follows:

Definition 9 Basal ganglia theory. T

BG

: á V, Q, C ñ is a QDE such that:

1. Variables in V

· Cell groups G, containing nuclei and neural pathways

G: {striatum, GPe, STN, SNR, thalamus, brainstem, cortex-to-striatum, SNC-

to-striatum, striatum-D1-to-SNR, striatum-D2-to-GPe, GPe-to-SNR, GPe-to-

STN, STN-to-SNR, SNR-to-thalamus, SNR-to-brainstem}

· Set of neurotransmitters N: { Glu, DA, GABA}

· The firing rate f (g) of cell group g is a value of quantityspace F

f : G ® F

· Amount a (n, g) of neurotransmitter n in cell group g is a value of A

a : N ´ G ® A

2. Quantity spaces in Q

· Boundaries of firing rates F: {0, MAX}

· Boundaries of amounts A: {0, MAX}

9.3. Theory 131

3. Constraints in C

· Firing rate of nuclei in the basal ganglia

C.1 d/ dt f (striatum) = M + a ( Glu, striatum)

C.2 d/ dt f ( GPe) = M ˘ a (GABA, GPe)

C.3 d/ dt f (STN) = M ˘ a (GABA, STN)

C.4 d/ dt f (SNR) = M ˘ + ( a (GABA, SNR), a ( Glu, SNR))

C.5 d/ dt f (thalamus) = M ˘ a (GABA, thalamus)

C.6 d/ dt f (brainstem) = M ˘ a (GABA, brainstem)

· Firing rate of neural pathways between nuclei

C.7 d/ dt f (cortex-to-striatum) = M + f (cortex)

C.8 d/ dt f (SNC-to-striatum) = M + f (SNC)

C.9 d/ dt f (striatum-D1-to-SNR/GPi) = M + + ( f (striatum), a (DA, striatum))

C.10 d/ dt f (striatum-D2-to-GPe) = M + ˘ ( f (striatum), a (DA, striatum))

C.11 d/ dt f ( GPe-to-SNR) = M + f ( GPe)

C.12 d/ dt f ( GPe -to-STN) = M + f ( GPe)

C.13 d/ dt f (STN-to-SNR) = M + f (STN)

C.14 d/ dt f (SNR-to-thalamus) = M + f (SNR)

C.15 d/ dt f (SNR-to-brainstem) = M + f (SNR)

· Amount of released neurotransmitters in nuclei

C.16 d/ dt a (DA, striatum) = M + f (SNC-to-striatum)

C.17 d/ dt a ( Glu, striatum) = M + f (cortex-to-striatum)

C.18 d/ dt a (GABA, GPe) = M + f (striatum-D2-to-GPe )

C.19 d/ dt a (GABA, STN) = M + f (GPE-to-STN)

C.20 d/ dt a (GABA, SNR) = M + + ( f (striatum-D1-to-SNR), f ( GPe-to-SNR))

C.21 d/ dt a ( Glu, SNR) = M + f (STN-to-SNR)

C.22 d/ dt a (GABA, thalamus) = M + f (SNR-to-thalamus)

C.23 d/ dt a (GABA, brainstem) = M + f (SNR-to-brainstem)

· Metabolism of dopamine

C.24 d/ dt a (DA, x) = a (L-dopa, x) ´ Enzyme-ratio

C.25 Enzyme-ratio = a (AADC, x) / a (MAO-B, x)

For brevityIinclude the assumptions about the metabolism of dopamine as part of

the theoryof the basal ganglia. The availabilityof dopamine outside the dopamine r -

gic cell terminal is dependent on the activation of the cell bythe neural pathwayfrom

the SNC. But DA can onlybe released bythe vesicles of the terminal if the precursor

L-dopa and the enzyme AADC is available. The enzyme MAO-B breaks down the

excess of dopamine to DOPAC, see Figure 7.3.

132 Chapter 9. Discovery

Explanation of Parkinson´s Disease

The theoryof the basal ganglia can be applied to explain observations in Parkinson´s

disease research. The hypothesis of the basal ganglia states that the empiricallyposs i -

ble states E of the basal ganglia, given the empirical studyof the basal ganglia D, are

part of the theoreticallyposs i ble states M.

Definition 10 Basal ganglia hypothesis. H

BG

: á V, Q, C, D ñ represents a hypothesis

about the basal ganglia brain structure where V, Q, C are part of the T

BG and D is the

set of instances of the basal ganglia, the domain of application of the theory.

We saw that the symptoms of Parkinson´s disease are assumed to be caused byan

increase of activation of the SNR, which on its turn is explained bya steep decrease

of DA in the striatum due to the decayof dopaminergic nerve cells. One question in

this chain, how the observed decrease of DA causes the assumed increase of SNR

activation, is explained bythe theoryabout the basal ganglia. Iwill show how this

proposition can be deduced from the basal ganglia theorybyprograms like QSIM. In

this proposition and proof Iwill reduce the values of the variables to just their qual i -

tative direction, abstracting from time and qualitative magn i tude.

From d/ dt y= f (x) where f Î M + we know that x and yboth increase or decrease

together, while if f Î M ˘ , yincreases when x decreases, and vice versa. If dz/ dt = f (x,

y) and f Î M ++ , the direction of change of z is unknown if x increases and yd e -

creases, since we do not now their magnitude, cf. Table 9.3. This is similar for f Î

M + ˘ , when both variables increase or decrease in value

y\x inc std dec

inc inc inc ?

std inc std dec

dec ? dec dec

Table 9.3: Derivative values for z if dz/ dt = f ( x,y) and f Î M + +

As background assumptions we assume that the amount of dopamine in the stri a -

tum decreases and the firing rate of the striatum is steady. Iwill use the notation v =

qdir as shorthand for $ y $ t QV(v, t) = á y, qdir ñ .

Theorem 1 H

BG

È B: { a (DA, striatum) = dec, f (striatum) = std} | -

P: { f (SNR) = inc}

Proof: As a proof Ideduce the conclusion P from the premises B byapplying the

constraints C from the basal ganglia hypothesis H

BG

.

a (DA, striatum) = dec Ù f (striatum) = std

Þ f (striatum-D1-to-SNR) = dec Ù f (striatum-D2-to-GPe) = inc (C.9, C.10)

f (striatum-D2-to-GPe) = inc

Þ a (GABA, GPe) = inc (C.18)

Þ f ( GPe) = dec (C.2)

9.3. Theory 133

Þ f ( GPe-to-SNR) = dec Ù f ( GPe -to-STN) = dec (C.11, C.12)

f ( GPe -to-STN) = dec

Þ a (GABA, STN) = dec (C.19)

Þ f (STN) = inc (C.3)

Þ f (STN-to-SNR) = inc (C.13)

Þ a ( Glu, SNR) = inc (C.21)

f ( GPe -to-SNR) = dec Ù f (striatum-D1-to-SNR) = dec

Þ a (GABA, SNR) = dec (C.20)

a ( Glu, SNR) = inc Ù a (GABA, SNR) = dec

Þ f (SNR) = inc (C.4) (Q.E.D)

Explanation of known treatments

Iwill first introduce a new set in myterminology. Next to a hypothesis H, bac k -

ground assumptions B, and propositions P that are explained or need to be explained,

we also have a set of interventions I. This set contains propositions that describe a

propertyof the world, usuallya value of a particular variable, that can be set bya

manipulation. All consequences of that manipulation hold for all the structures in the

set M

I

.

A theorycan explain whya particular intervention has a particular consequence.

With H

BG we have a hypothesis that explains the symptoms of Parkinson´s disease by

linking them to the observed decrease of DA. The hypothesis also explains the fun c -

tion of metabolites like L-dopa, MAO-B and AADC. These metabolites can serve as

an artificial intervention bychanging their amount with the aid of a drug. Parkinson

drugs all serve to increase the amount of dopamine, which according to the theory

would decrease the overactivation of the SNR, reducing the behavioral symptoms. In

the theorems below Idemonstrate how the basal ganglia hypothesis explains the a c -

tivityof known drug interventions for Parkinson´s disease. All these drugs aim to i n -

fluence the amount of dopamine, so Ifirst pose the follo w ing theorem:

Theorem 2 H

BG

È B: { f (striatum) = std} | -

P: { a (DA, striatum) = inc ® f (SNR) = dec}

From H

BG it can be deduced in theorem 2 that an increase of DA implies a decrease

of the firing rate of the SNR output nuclei of the basal ganglia. The proof follows

similar lines as the proof of theorem 1.

Theorem 3 states that an increase of L-dopa in the striatum will increase DA in the

striatum, which is a consequence of C.24, and given that the enzyme ratio does not

increase.

Theorem 3 H

BG

È I: { a (L-dopa, striatum) = inc} | - P: { a (DA, striatum) = inc}

But to increase L-dopa bya drug intervention, which is taken up in the bloodstream,

means that L-dopa is increased in the whole body, causing side effects. A decrease of

134 Chapter 9. Discovery

the amount of AADC in the peripherybyalso administering an inhibitor that can not

cross the blood brain barrier, will cause DA to increase in the brain, but to be rel a -

tivelysteadyin the periphery. This theorem (4) is a consequence of C.24 and C.25,

given the assumption that the amount of MAO-B does not i n crease in the periphery.

Theorem 4 H

BG

È I: { a (L-dopa, body) = inc, a (AADC, periphery) = dec} | -

P: { a (DA, striatum) = inc, a (DA, periphery) = ? }

ByC.25 and C. 25 one can also prove theorem 5, which states that decreasing the e n -

zyme that breaks up DA will increase he amount of DA, assuming that both the

amount of AADC and L-dopa in the striatum do not increase:

Theorem 5 H

BG

È I: { a (MAO-B, striatum) = dec} | - P: { a (DA, striatum) = inc}

The function and activityof these treatments can be explained bythe theoryof the

basal ganglia, but another question is if the hypothesis is true. That is, are all the

states that are empiricallypo s sible also states allowed bythe theory?

In Section 8.4 we saw how experiments showed that the background assumption

in theorem 2 about the activation of the striatum turned out to be incorrect, bytesting

the predicted effect of selective dopamine receptor agonists. In the next section Iwill

go into that pro b lem.

9.4 Practice

In the second part of this thesis Idiscussed several ways of understanding rationality

in the process of scientific discovery. In this discussion it was assumed that the main

goal of scientific discoveryis to gain knowledge about natural phenomena. In order

to do so Imade a distinction between five basic types of tasks as problems with di f -

ferent sub-goals: observation, description, explanation, prediction and intervention.

These tasks, repeatedlyexecuted in that order, could lead to an increasinglybetter

know l edge of the natural world.

In this section Iextensivelyanalyze the actual problems and tasks that are tackled

in the practice of neuropharmacologythat Iobserved. To describe a problem Iwill

make use of the distinctions made in Chapter 5. That is, pursuing a problem is cha r -

acterized bythe following constituents:

Problem

Start: propositions about the initial situation

Goal: the conditions for a problem to be solved

Result: the propositions describing the result

Process: the kind of action that is used to pursue the goal.

To abstractlydistinguish different contents of propositions Iwill make use of diffe r -

ent sets of propositions that describe:

9.4. Practice 135

Propositions

O: observations

I: interventions

H: hypotheses

W: wished for properties

P: predictions

A question-mark after the name of a set, e.g. H? , will designate the set or property

that is the goal of the problem. A star after the name of a set, e.g. H*, or a star in a

set, e.g. H: {*}, will mean that the set contains propositions, for which the truth-

value is unknown, that describe new information relative to the initial situation. Pr o -

cesses that can lead to achieving a goal are disti n guished as:

Processes

Intervention: manipulating a propertyof a natural process

Observation: observing a propertyof a natural process

Description: describing a propertyof a natural process

Explanation: finding an explanation for the initial situation

Prediction: deducing a consequence of a initial situation

Design: creating a propertygiven a specification

Design as a process is added because it is needed to describe some problems of

neuropharmacologyinvolving wished for properties of a drug or a treatment. Iwill

make a further distinction between a focused and broad kind of process, meaning that

the activityis directed to a small or large set of properties.

In Chapter 5 these terms where used to designate particular problems and pro c -

esses with a particular initial and goal situation, see table 5.10. Iwill now use them to

describe (parts of) larger scale problems. In the next section Iwill go deeper into the

process of reasoning and compare the theoretical arch e types with myobservations.

In describing a problem Iwill first model the observed examples from the pra c -

tice. Iwill looselyfollow the order of the report of myinterviews in Chapter 8. A

problem never comes byitself, so Iwill describe different situations where the result

of a particular problem leads to new problems that are addressed in that situ a tion.

In Chapter 8 Ireported on several situations that lead to different kinds of disco v -

eries: new functions of known drugs are discovered in the clinic and further invest i -

gated in the lab; it is investigated what a desired function of a new drug should be;

given that wished for function new drugs are designed, searched, predicted, created

and tested; new drugs are tested and investigated in the clinic; theyare also used to

explore biological systems in the lab; given that exploration, new treatments are d e -

signed and tested; and the function of a drug is explored and explained. Below Ian a -

lyze the structure of those problems. The specific problem of exploring and explai n -

ing the function of DA is analyzed in detail. Isummarize and generalize the examples

in Table 9.4 at the end of this section.

136 Chapter 9. Discovery

Discovering a new drug effect in the clinic

In Section 8.2 It is reported that chlorpromazine was specifically administered to treat

particular diseases in the clinic ( cf. Sec. 8.2, Par. 2 ). It was noted that another aspect

than the one that was to be treated was influenced as well. This was followed by lab

investigations that aimed to first observe and to explain the drug effect on another

level. So we can distinguish a sequence of three kinds of problems: clinical drug

treatment; lab investigation of the observed drug effect; explanation of the observed

drug effect. This practice can be described as follows ( cf. Table 9.1a):

Clinical drug treatment

Start: O: {particular disease}

Goal: Clinic I: { chlorpromazine} ® W: {treatment}

Result: I ® Clinic O*: { parkinsonism}

Process: Focused intervention , broad observation

Lab investigation of observed drug effect

Start: Clinic I: { chlorpromazine } ® O

Goal: Lab I: {chlorpromazine} ® O?

Result: Lab O*: {amount of DA release}

Process: Focused intervention , focused observation

Explanation of observed drug effect

Goal: H? |= I: {chlorpromazine} ® O*: {amount of DA}

Result: H: {chlorpromazine = DA-antagonist,

DA is related to Parkinson´ di s ease}

Process: Focused explanation

Searching a desired drug effect

In the above situation a potential treatment for a disease was discovered while it was

initially not the goal of the activity that led to the discovery to study the function of

that drug for that disease. Given that a desired effect was observed it was further i n -

vestigated what the specific effect was on a lower biological level ( cf. Sec. 8.2,

Par. 2 ).

When it was discovered that dopamine was related to Parkinson´s disease it was

investigated what the specific effect of dopamine is, to determine what a drug that

should act as dopamine should do. So part of the result of the investigation is a pr o -

file for a new drug. The activityof a new drug such as a specific DA receptor agonist

can then be compared to the desired activityof dopamine. The problem goes as fo l -

lows ( cf. Table 9.1b):

Lab exploration of wished drug effects

Start: I: {in vivo/ vitro DA}

Goal: I ® O?: {receptor activity?}

Result: I ® W*: {amount of C-Amp release}

Process: Focused intervention , focused observation

9.4. Practice 137

Lab testing for wished drug effect

Start: I: {in vivo/ vitro, specific DA-ago nists}

Goal: I ® W?: {receptor activity?}

Result: I ® O*: {amount of C-Amp release}

Process: Focused intervention , focused observation

Designing a new drug

In Groningen professor Horn aimed to design a variant of dopamine that had a sim i -

lar activityand metabolism as dopamine itself, but had also effects that made it more

useful as a drug, such as specific receptor selectivityand lipophilicity( cf. Sec. 8.2,

Par. 4-5). The suggestion for variants that Prof. Horn considered where based on his

experience and knowledge of the field (Par. 6). While that knowledge maynot always

be explicit, it could still implythe suggestions. Success of a suggestion is hard to

predict given the partlyuncertain and incomplete nature of knowledge at a scientific

frontier.

Professor Horn used his knowledge to design variants of ADTN. He could explain

how a propyl and hydroxygroup could respectivelyaid the lipophilicityand metab o -

lism of the variant. So we can describe the process as designing, testing and explai n -

ing a new drug ( cf. Table 9.1c) :

Rational drug design

Start: I: {ADTN}

Goal: H |= I? ® W: {activity, lipophilicity, metabolism, selectivity}

Result: I*: {ADTN-variant}

Process: Focused design

Lab testing for wished drug effect

Start: I: {ADTN-variant}

Goal: I ® W?: {activity?, lipophilicity?, metabolism?, selectivity?}

Result: I ® O*

Process: Focused intervention , focused observation

Explanation of drug effect

Start: I: {ADTN-variant} ® O: { lipophilicity, metabolism}

Goal: H? |= I ® O

Result: H: { propyl group ® lipophilicity, hydroxy group ® metabolism }

Process: Focused ex planation

Searching a new drug effect in a drug library

For a pharmaceutical companythe results of the process designing new drugs leads to

a libraryof novel compounds that are created with a specific goal, a given set of crit e -

ria ( cf. Sec. 8.2, Par. 8). Often these criteria include the selectivityfor a particular

known receptor. A new drug treatment can be discovered bytesting those drugs on

other receptors bytrial and error. In this process the drugs are given, and onlyma s -

138 Chapter 9. Discovery

sivelytested on one criterion. A compound that is found to be active can be the lead

for a new drug to target the new receptor, ( cf. Table 9.1d) .

Lab testing for wished drug effect

Start: I: {in vitro, all compounds of company on new receptor}

Goal: I ® W?: {receptor activity?}

Result: I ® O*: {amount of C-Amp release}

Process: Broad intervention , focused observation

Searching a new drug by combinatorial chemistry

A still broader approach is taken when a drug lead is not specificallyvaried, based on

fingerspizengefühl and personal experience, but bytechniques from combinatorial

chemistry( cf. Sec. 8.2, Par. 9). In this approach manyvariants are created at once. In

this process the combinations are made and massivelytested for activity. If activityis

measured, the responsible variant is retrieved and further explored for its structure,

( cf. Table 9.1e) :

Combinatorial drug design

Start: I: {drug lead}

Goal: I? ® W

Result: I*: {many variants by combinatorial chemistry}

Process: Broad design

Lab testing for wished drug effect

Start: I: {in vitro, all variants on a receptor}

Goal: I ® W?: {receptor activity?}

Result: I ® O*: {C-Amp release}

Process: Broad intervention , focused observation

Lab exploration of drug effect

Start: I: {retrieved drug} ® O: {high receptor activity}

Goal: O?

Result: O*: {chemical structure}

Process: Focused intervention , focused observation

Searching a new drug by computational modeling

While the trial and error approach in combinatorial chemistryis veryexpensive, the

cheaper knowledge based approach bycomputer modeling is less successful. In this

approach one starts with a computer model of the structure of a receptor and a drug

( cf. Sec. 8.2, Par. 10). The goal is to predict bya simulation how a drug will dock

(interact with a receptor), or how the receptor will fold, ( cf. Table 9.1f) .

Computational drug design

Start: I, H

Goal: H |= I? ® W

Result: H |= I* ® P*: {drug docking, protein folding}

9.4. Practice 139

Testing a new drug

When a promising new drug or drug function is found and explored in the lab, it will

leave the lab for further tests. As reported there are three different test phases ( cf. Sec.

8.2, Par. 11). In the first phase the drug is tested for its possiblytoxic effects on a

specificallyselected group of animals and volunteers. In phase two the focus of inte r -

vention changes to selected patients, where therapeutic effects are tested. In phase

three this group is further extended, and the drug is used in hospitals and will u n -

dergo double blind tests, ( cf. Table 9.1g) .

Clinical testing Phase I

Start: I: {new drug}

Goal: I: {drug on animals, volunteers} ® O?: {toxicity?}

Result: I ® O*

Process: Focused intervention , broad observation

Clinical testing Phase II

Goal: I: {volunteer patients} ® W?: {therapeutic effect?}

Process: Focused intervention , focused observation

Clinical testing Phase III

Goal: I: {double blind, hospitals} ® W?: {therapeutic effect?}

Process: Broad intervention , focused observation

Exploring a biological system

Highlyselective drugs are also being used to explore and chart biological systems

and to find out the function of specific drugs ( cf. Sec. 8.2, Par. 12). The goal of Dr.

Timmerman is to chart a system like the basal ganglia, using a broad range of sele c -

tive interventions the explore it ( cf. Sec. 8.3, Par. 17-18, 20).

Lab exploration of a biological system

Start: I: {different s elective agonists, antagonists}

Goal: I ® O?: {behavior? , local transmitter response? , electric activity? }

Result: I ® O*: {stereotypical beh., amounts of transm., firing fr e quency}

Process: Broad intervention , broad observation

This is achieved byfocusing on the effects of particular drugs. This exploration is

also undertaken in the case of a pathological system. For Parkinson´s disease the

function of dopamine in the basal ganglia is being studied ( cf. Sec. 8.3, Par. 19).

(This case will be analyzed in detail further below). The pathological situation is

studied in rats whose dopamine cells are lesioned ( cf. Sec. 8.3, Par. 35).

Lab exploration of a drug effect

Start: I: {normal rat/ lesioned rat, local infusion of selective drug}

Goal: I ® O? : {behavior? , local transmitter response? , electric activity? }

Result: I ® O*: {stereotypical beh., amounts of transm., firing fr e quency}

Process: Focused intervention , broad observation

140 Chapter 9. Discovery

Information about the observed difference between a healthyand pathological system

can then be used to understand compensation mechanisms and in the design of new

treatments ( cf. Table 9.1h).

Designing a drug treatment

When an observed difference between a healthyand pathological system is explained

on a biochemical level, as in the case of Parkinson´s disease, this difference can be

used to rationallydesign a treatment. The goal is to intervene in such a waythat the

difference is minimized. In Parkinson´s disease the goal is to restore the function of

dopamine to normal ( cf. Sec. 8.3, Par. 24-26, 34-35).

Rational drug treatment design

Start: H |= O: {depletion of DA ® Parkinson’s disease symptoms}

Goal: H |= I? ® W: {restored DA function, best effect on symptoms }

Result: I*: {DA-agonists? , selective D1? and/or D2? , NMDA-antagonists? }

In the case of Parkinson´s disease it is not clear how best to restore the function of

dopamine. Different interventions are designed and tested on their effect on disease

symptoms. But all give rise to different (side) effects ( cf. Sec. 8.3, Par. 27-30).

Clinical testing of a drug treatment

Start: I

Goal: I ® W? : {effect on symptoms? }

Result: O: {hyper or poor response, effects in brain periphery, loss of effect}

It is also a problem to know what it means to restore a function to normal. One

wayto tackle this problems is to varya dose bytrial and error to search for a desired

response. Yet targeting the dopamine receptor via the bloodstream also induces na u -

sea via the extra stimulation of DA-receptors in the periphery. Hence part of desig n -

ing a treatment of disease symptoms is designing treatment for the side effects of that

treatment ( cf. Table 9.1i).

Design of a treatment of side effects

Start: H |= I: {DA-agonists in bloodstream} ® O: {hyper or poor r e sponse}

Goal: H |= I? ® W: {desired response}

Result: I*: {varydoses DA-agonists bytrial & error}

Design of a treatment of side effects

Start: H |= I: {DA-agonists in blood stream} ® O: {nausea}

Goal: H |= I? ® W: {DA not in periphery}

Result: I*: {peripheral DA blockers}

9.4. Practice 141

Exploring a drug effect

It was discovered that acetylcholine also has an effect on Parkinson symptoms. As an

explanation of this effect it was proposed that there might exist a brain mechanism

that maintains a balance between acetylcholine and dopamine. This explanation was

later confirmed byexperimental research that discovered that acetylcholine cells r e -

spond to D2-agonists ( cf. Sec. 8.3, Par. 31-33).

Explanation of a drug effect

Start: I: {acetylcholine antagonist} ®

O: {effect on Parkinson’s disease sym p toms}

Goal: H? |= I ® O

Result: H: {acetylcholine-dopamine balance}

Lab exploration of drug effect

Start: I: {D2-agonist, acetylcholine cell}

Goal: I ® O? : {activity? }

Result: I ® O*: {inhibition acetylcholine cell}

Dopamine is assumed to be related to the activityof the substantia nigra retaculata

(SNR) in the basal ganglia ( cf. Sec. 8.3, Par. 13-16). The model of the basal ganglia

implies that dopamine would act as a modulator of GABA activity, inhibiting the a c -

tivityof the SNR ( cf. Sec 9.3).

Explanation of a drug effect

Start: I: {low amount of DA} ® O: {high SNR activity}

Goal: H? |= I ® O?

Result: H

BG

: {DA is modulator of GABA activityin SNR}

To test this claim the interaction between dopamine and the SNR was further e x -

plored in Groningen byDr. Timmerman . She set the problem to investigate the e f -

fects of dopamine specificallyin the striatum ( cf. Sec. 8.3, Par. 36). Ianalyze her a p -

proach to this problem in detail, following myreport of her experiments, and making

use of the QDE formalism of Section 9.3. The problems are summarized in Table

9.4j. The general problem goes as follows:

Exploration of a drug effect

Start: H

BG

|= I ® P

Goal: I: {dopamine in striatum} ® O?

Result: I ® O

Process: Focused prediction, focused observation

142 Chapter 9. Discovery

The model of the basal ganglia H

BG predicts that D1-agonists will excitate the direct

pathwayto the SNR, while D2-agonists will inhibit the indirect pathway( cf. Sec. 8.3,

Par. 37-40).

Prediction of a drug effect

Start: H

BG

: {DA is modulator of GABA activityin SNR} |= I ® O

Goal: H

BG

|= I: {D1-agonist, D2-agonist} ® P?

Result: P*: {D1 excitation of direct pathway,

D2 inhibition of indirect pathway}

The problem is now to test whether the implications of the model are correct. First

Dr. Timmerman explored three different predicted effects. She locallyintervened the

amounts of glutamate, a D1-agonist and a D2-agonist in the striatum under basal

conditions, and observed the activityof the SNR ( cf. Sec. 8.4, Par. 41-42). The pr e -

dicted effects can be deduced from the axioms of H

BG in section 9.3.

Lab testing of a predicted drug effect (in vivo)

Start: B: { f (striatum) = á 0, std ñ }

Goal: I ® O?

Process: Focused intervention of glutamate, D1 and D2 receptors respectively

Focused observation of SNR activity

Start: B È H

BG

|= I: { a (glutamate, striatum) = inc} ® P: { f (SNR) = dec}

Result: I ® O*: { f (SNR) = dec}

Start: B È H

BG

|= I: { a (D1-agonist, striatum) = inc} ® P: { f (SNR) = dec}

Result: I ® O*: { f (SNR) = dec, slight}

Start: B È H

BG

|= I: { a (D2-agonist, striatum) = inc} ® P: { f (SNR) = dec}

Result: I ® O*: { f (SNR) = inc, slight}

Glutamate produced the predicted effect. The intervention with the D1-agonist only

produced a veryslight effect in the predicted direction, and the D2-agonist produced

a slight effect against the predicted direction, but both where not significant. When

the D1-agonist is tested in vitro a different effect than the one predicted is observed

as well ( cf. Sec. 8.4, Par. 43).

Lab testing of a predicted drug effect (in vitro)

Start: B È H

BG

|= I: { a (D1-agonist, striatum) = inc} ®

P: { f (striatum-D1-to-SNR) = dec}

Goal: I: { a (D1, slices striatum) = inc} ® O?

Result: I ® O*: { a (striatum-D1-to-SNR) = inc}

Process: Focused intervention, focused observation

9.4. Practice 143

The explanation that was proposed to account for the observation of the slight e f -

fect of the selective dopamine agonists was that under basal conditions, there is no

GABA activityto modulate ( cf. Sec. 8.4, Par. 44). So a starting condition with a

higher activation of the striatum should show an effect of a dopamine-agonist inf u -

sion.

Prediction of a drug effect

Start: B: { f (striatum) = á 0, std ñ }, H

BG

Goal: B È H

BG

|= I: { f (striatum) = á +, std ñ , a (DA, striatum) = inc} ® P*?

Result: P*: { f (SNR) = inc}

The problem now for exploring the effect of the dopamine agonist is that it is impo r -

tant to maintain a steadyactivityof the striatum. If two variables varythen it is diff i -

cult to explain the effect on a third variable bypointing to onlyone of those two. So

the goal is first to find an intervention that causes a desired effect that is needed as an

initial condition for the experiment that tests another intervention ( cf. Sec. 8.4, Par.

45-47).

Rational design of an experimental condition

Start: B: { f (striatum) = á 0, std ñ }, H

BG

Goal: B È H

BG

|= I? ® W: { f (striatum) = á +, std ñ }

Result: I*

Process: Focused design

Lab exploration of a predicted drug effect

Start: B: { f (striatum) = á 0, std ñ } È H

BG

|= I ® P

Goal: I ® O?

Process: Focused intervention, focused observation

For instance:

Start: B È H

BG

|= I: { a ( glu, striatum) = á +, std ñ } ® P: { f (striatum) = std}

Result: I ® O*: { f (striatum) ¹ std}

Start: B È H

BG

|= I: { a ( glu, cortex) = á +, std ñ } ® P: { f (striatum) = std}

Result: I ® O*: { f (striatum) ¹ std }

Start: B È H

BG

|= I: { a ( glu, thalamus) = á +, std ñ } ® P: { f (striatum) = std}

Result: I ® O*: { f (striatum) ¹ std}

Given the model it is predicted that the striatum can be activated directlywith

glutamate in the striatum, or indirectlywith glutamate in the cortex or thalamus ( cf.

Sec. 8.4, Par. 48). However, when tested it turns out that it is difficult to maintain a

steadyactivation. This can be attributed to incorrect assumptions of the model but

also to compensation mechanisms that are not included in it.

144 Chapter 9. Discovery

Dr. Timmerman solved the problem when she realized that a steadyamount of

DA-agonist is less difficult to maintain. So she started with the DA-agonist and va r -

ied the amount of glutamate in the striatum directly( cf. Sec. 8.4, Par. 49). In this case

the predicted amplification could be observed.

Lab testing of predicted drug effect

Start: B: { a (DA-agonist, striatum) = á +, std ñ } È H

BG

|=

I: { a (glutamate-agonist, striatum) = inc} ® P: { f (SNR) = dec}

Goal: I: { a (glutamate-agonist, striatum) = inc} ® O?

Result: I ® O*: { f (SNR) = dec}

In coming to conclusions about the intervention and observations the data have to be

interpreted, described and explained. Conflicts in results are scrutinized when they do

not fit expe c tations ( cf. Sec. 8.5, Par. 60-66) .

Data interpretation

Start: B È H |¹ I ® O

Goal: B È H |= I ® O

Result: B*, I*, O*

I* Wrong probe location?

Influence of anesthetic ?

O* Good signal/noise ratio?

Different cell type with same characteristic?

B* Difference model rat and disease?

Effect byother mechanisms?

The problem is to diagnose the cause of a possible anomaly, A revision of an a s -

sumption in Ior O is dependent on the type and execution of the particular exper i -

ment ( cf. Sec. 8.4, Par. 50-59). The assumptions in H are the last to go. It is protected

bythe acknowledgement that it ignores important aspects that might be responsible

for anomalous observations.

A lot of simplifications are maintained to conceive experiments and make sense of

the data. The problem of finding a relation includes decisions about which properties

to manipulate, which to observe, and which to ignore. The phenomenon is made by

choosing those properties. So it seems that the assumptions in H are most importantly

preserved as a guide for further explorations. This is an important part of the use of

th e oryin experimental research.

When the results of this research where published the problem and its result where

reduced in the conclusion to just the goal and the main observed results ( cf. Sec. 8.5,

Par. 67). The consequences for the model of the basal ganglia where reserved for the

discussion section. So in summary:

9.4. Practice 145

Exploration of drug effect

Start: H

BG

Goal: I: { a (DA, striatum} ® O?

Results: B: { f (striatum) = std) È H

BG

|¹

I: { a (D1, striatum) = inc} ® O: { f (SNR) = std}

I: { a (D2, striatum) = inc} ® O: { f (SNR) = std}

B: { a (DA-agonist, striatum) = inc} È H

BG

|=

I: { a (glutamate-agonist, striatum) = inc} ® O: { f (SNR) = dec}

Summary

In the last subsections Iextensivelyanalyzed the structure of example problems in

the process of discovery neuropharmacological research. In Table 9.5 Isummarize

and generalize these examples. This practice shows that testing a new prediction of a

hypothesis that explains an earlier observation is onlyone of manyways of making a

discovery. All the different problems Idiscussed lead to different empirical and co n -

ceptual discoveries. In the next section Iwill go deeper into the process of reasoning

in explanation and design.

Problem Start Goal Result Process

a. Discovering a newdrug effect in the clinic

Clinical drug treatment O :

{pathologic}

I ® W :

{normal}

I ® O*:

{side effects}

Focused interve n tion

Broad observation

Lab exploration of an

observed drug effect

I ® O :

{side e f fects}

I ® O? :

{biochemistry}

I ® O*:

{mechanism}

Focused interve n tion

Focused observ a tion

Explanation of an o b -

served drug effect

I ® O H? |= I ® O H* |= I ® O Focused explan a tion

b. Searching a desired drug effect

Lab exploration of

wished drug function

I :

{transmitter}

I ® O? :

{effect}

I ® W* :

{effect}

Focused interve n tion

Focused observ a tion

Lab testing for wished

drug function

I :

{drug}

I ® W? :

{effect?}

I ® O* :

{effect}

Focused interve n tion

Focused observ a tion

c. Designing a newdrug

Rational drug design I :

{drug lead}

H |= I? ® W :

{effect}

I* :

{variant}

Focused design

Lab testing for wished

drug effect

I :

{drug}

I ® W? :

{effect?}

I ® O* :

{effect}

Focused interve n tion

Focused observ a tion

Explanation of

drug function

I ® O H? |= I ® O H* |= I ® O Focused explan a tion

d. Searching a newdrug effect in a drug library

Lab testing for wished

drug effect

I :

{given drugs}

I ® W? :

{effect?}

I ® O* :

{effect}

Broad intervention

Focused observ a tion

e. Searching a newdrug bycombinatorial chemistry

Combinatorial drug

d e sign

I :

{drug lead}

I? ® W :

{effect}

I* :

{variants}

Broad design

146 Chapter 9. Discovery

Lab testing for wished

drug effect

I :

{variants}

I ® W? :

{effect?}

I ® O* :

{effect}

Broad intervention

Focused observ a tion

Lab exploration of drug

structure

I ® O :

{effect}

I ® O? :

{structure?}

I ® O* :

{structure}

Focused interve n tion

Focused observ a tion

f. Searching a newdrug bycomputational modeling

Computational drug

d e sign

I, H H |= I? ® W H |= I* ® P* Focused predi c tion

Focused design

g. T esting a newdrug

Clinical drug testing,

phase I

I I ® O? I ® O* Focused interve n tion

Broad observation

Clinical drug testing,

phase II

I I ® W? I ® O* Focused interve n tion

Focused observ a tion

Clinical drug testing,

phase III

I I ® W? I ® O* Focused interve n tion

Broad observation

h. Exploring a biological system

Lab exploration of a

biological system

I I ® O? I ® O* :

{path., no r mal}

Broad intervention

Broad observation

Lab exploration of a

drug effect

I I ® O? : I ® O*:

{path., no r mal}

Focused interve n tion

Broad observation

i. Designing a drug treatment

Rational drug treatment

design

H |= O :

{pathologic}

H |= I? ® W :

{normal}

I* Focused design

Clinical drug testing I I ® W? I ® O* :

{side effects}

Focused interve n tion

Broad observation

Design of a treatment of

side effect

H |= I ® O :

{side e f fects}

H |= I? ® W I* Focused design

j. Exploring a drug effect

Explanation of

a drug effect

I ® O H? |= I ® O H* |= I ® O Focused explan a tion

Exploration of

a drug effect

H |= I ® P I ® O? I ® O Focused predi c tion

Focused observ a tion

Prediction of

a drug effect

H |= I ® O H |= I ® P? H |= I ® P* Focused predi c tion

Rational design of an

experiment condition

H |= I ® P H |= I? ® W I* Focused design

Lab testing of

a predicted drug effect

H |= I ® P :

{ pred. e f fect}

I ® O? :

{ pred. effect?}

I ® O* Focused interve n tion

Focused observ a tion

Data interpretation B È H |¹ I ® O B È H |= I ® O B*, I*, O* Focused descri p tion

Table 9.4: Overview of the structure of discussed problems in drug research.

9.5. Reasoning 147

9.5 Reasoning

In the last section Idescribed the structure of problems in neuropharmacology. We

saw that different research activities lead to different kinds of discoveries. Interve n -

tion and observation can lead to new empirical discoveries about the natural world.

We also saw that reasons to do a particular intervention or observation in a particular

wayor in a particular location are often suggested byconceptual discoveries that are

the result of explanation, prediction and design.

Iwill now take a closer look at these three kinds of reasoning processes in neur o -

pharmacology. Iwill discuss logical and computational models of those processes in

problem solving that do not specificallyaim to explain the cognitive processes that

are involved when humans solve these problems, such as is aimed at with ACT-R

models. That is a modeling task that requires a different approach. However both d e -

scriptive and normative models can share the initial assumptions (start), the goal

condition and sometimes the result. In science, these can ideallyall be described

symbolically. Yet a psychological model will usuallydiffer, compared to a normative

computational model, in its modeling of the process of solving a problem. The d e -

scription of the discoverycases in the last section could be a basis for both a psych o -

logical ACT-R model, as well as a problem solving model with other co n straints.

In this section Iwill discuss several models of the reasoning processes in scientific

problem solving, with a normative pretension. Iwill argue how these computational

models of qualitative explanation, prediction and design could be used to aid the

problems in the domain of neuropharmacology, bydiscussing examples based on the

case study.

Explanation and prediction in biology

To formallydescribe the process of reasoning in explanation and prediction in neur o -

pharmacologyIfirst discuss two computer models of Peter Karp´s that model those

processes. Karp investigated the development of knowledge about the biological pr o -

cess of attenuation ( Karp , 1992; Karp , 1993).

He encoded intermediate states of knowledge about biological objects and proc-

esses so that his genetic simulator program GENSIM could use it to simulate experi-

ments and compute predictions. The HYPGENE program takes these predictions as

input and compares it with given observations made during an experiment. If there is

a discrepancy, HYPGENE modifies a s sumptions about the initial objects or the proc-

esses to explain the difference between GENSIM ´s prediction and the observ a tion.

Karp considers the process of hypothesis formation as employed by HYPGENE to

be a design problem. In this waya hypothesis is an artifact to be synthesized and is

subject to design constraints, such as among others consistencywith the data, predi c -

tive success and simplicity. HYPGENE modifies a theoryto satisfyconstraints by

implementing design rules. Karp derived these from his historical studyof know l -

edge about attenuation, which on its turn provided a test bed for the development of

HYPGENE and GENSIM .

Peter Karp ´s research goal was to model the competence of biologists, not their

performance, byidentifying reasoning mechanisms that are sufficient to solve h y -

pothesis formation problems in biology, regardless whether theyare valid psych o -

148 Chapter 9. Discovery

logically ( Karp , 1992). To implement GENSIM and HYPGENE , he made use of e f -

fective tools for search control and an assumption based truth maint e nance system.

The program GENSIM can make qualitative predictions about biochemical pro c -

esses. Types of chemical objects are represented in a taxonomic hierarchyin a frame

based Class Knowledge Base (C). Theories about biological processes like chemical

reactions are represented as production rules in a Process Knowledge Base (T). The

process rules define what classes of objects participate in a reaction and what cond i -

tions must be true for the reaction to occur. Process rules further specifywhat new

objects are created if the rule´s conditions are met.

GENSIM can predict the outcome of an experiment byapplying the process rules

to the given specified objects at the start. It is assumed that no objects are entirely

consumed during a reaction, and therefore GENSIM only adds new objects mon o -

tonicallyto the initial ones. In this way GENSIM can predict what objects should r e -

sult if the assumptions about initial conditions and the processes are correct. Because

GENSIM implements a qualitative chemistryit does not make predictions concerning

concentrations or reaction rates. Yet, it can predict increasing and decreasing quant i -

ties of chemical compounds.

The HYPGENE program can make qualitative explanations to account for the di f -

ference between predictions from GENSIM and observations. As input HYPGENE

takes GENSIM ´s initial conditions I

a

, i.e. the set of statements about objects that are

assumed to be initiallypresent in an experiment that is named ^a~, the predicted ou t -

come P

a

, i.e. the set of statements about the objects after the experiment, plus d e -

pendencyinformation that records how P

a was computed from I

a

, the prediction error

Error

a

, i.e. the difference between the prediction and the observation, and also access

to all elements in the class knowledge base C and the process knowledge base T. In

short, the input contains all elements from the tuple á I

a

, P

a

, Error

a

, T, C ñ . P

a is e n -

tailed bythe initial conditions I

a and the processes in T:

I

a

È T |= P

a

An experiment is anomalous when O

a

, i.e. the set of statements about observation

made in an empirical experiment, is not equal to the predicted observation P

a

. The

prediction error Error

a is bydefinition P

a

D O

a

, i.e. the symmetric difference between

prediction P

a and observation O

a

(see also Figure 9.3):

P

a

D O

a

: = (P

a

- O

a

) È (O

a

- P

a

)

The main goal of HYPGENE is to eliminate Error

a

. To achieve that goal HYPGENE

reasons backwards from the difference between P

a and O

a

. Its sub-goals become to

remove statements about objects from P

a not in O

a

, to modifyassumptions about

properties of objects in P

a

, to modifyassumptions about the quantityof objects in P

a

,

and to add assumptions about objects from O

a that where not in P

a

. To achieve these

sub-goals two main types of design operator are employed, those that redesign stat e -

ments in I

a to I

a

*, and those that modifystatements in T to T* in such a waythat:

I

a

* È T* |= P

a

* and P

a

* = O

a

9.5. Reasoning 149

P

a

O

a

*

*

Figure 9.3: The symmetric difference between P

a

, the set of statements about objects

as pr e dicted, and O

a

, the set of statements about the observed objects.

HYPGENE examines the outstanding goals one byone, choosing operators that may

satisfyit. For example regard the following simplified GENSIM prediction. For short

a statement such as ^x~ means that there are objects of kind x present in the set-up of

experiment a . Furthermore we have the following sets: I

a

: {x, y}, P

a

: {x, y, z} and O

a

:

{x, y, v}. Saywe have process rules r

1

, r

2

, r

3 as part of T such that:

r

1

: = x & y ® z

r

2

: = x & z ® v

r

3

: = x & w ® v

For example, to remove the assumption about object z from P

a which is not in O

a a

design rule can disable process R

1 that causes the metabolism to an object of kind z

bymodifying its input, assuming that e.g. ywas actuallynot an element of I

a and

therefore also not in O

a

. To explain that a statement about the observation of object v

was present in O

a a design rule can modifyprocess rule r

2 assuming that object kind z

is not necessaryto cause v, or another operator can assume that w was also an el e -

ment of I

a

. So the problem becomes as follows:

GENSIM prediction

Start: I

a

: {x, y}, T: {r

1

, r

2

, r

3

}

Goal: I

a

È T |= P

a

?

Result: P

a

: {x, y, z, v}

HYPGENE explanation

Start: I

a

: {x, y} È T |= P

a

: {x, y, z}, O

a

: {x, v}

Goal: I

a

? È T? |= O

a

Result: I

a

*: {x} È T*: {r

1

, r

2

*: = x ® v, r

3

} |= O

a

The representations of objects in C, and the conditions and actions of the pro c -

esses in T, are much more complex. For the details of the hierarchyof different d e -

sign rules see ( Karp , 1992). There are also operators that modifyassumptions about

quantityand about the structure of classes C.

150 Chapter 9. Discovery

It mayseem odd to change I

a

, but I

a onlyrepresents assumptions about what o b -

jects are present during an experiment. In biological practice knowledge of initial

conditions is often uncertain because of the complexityof objects under studyand the

sometimes unpredictable effects of laboratorytechniques. Karp found that it is no r -

mal practice in biologyto first take a closer look at the assumed initial conditions,

before changing hard earned theories. This practice was confirmed in the case of

testing the basal ganglia model. Yet it is possible to slightlyrevise the model to e x -

plain the o b served effect of dopamine agonists.

Explanation of a drug effect

The HYPGENE and GENSIM programs model qualitative reasoning in biochemistry

So, theyare able to model the process of explanation and prediction about transmitter

metabolism in the brain. Yet, reasoning in neuropharmacologyis also about increa s -

ing and decreasing values of variables. Reasoning about these aspects is better mo d -

eled bythe QSIM program.

As we saw in section 9.3, given a qualitative differential equation, QSIM can

make qualitative predictions about the behavior of a dynamical system. Richards et al

(1994) devised a program that does the opposite. Given a qualitative description of

the behavior of a system the program MISQ infers a qualitative differential equation

that implies that behavior. Ishall applythe techniques of this program to an example

of the Parkinson case.

In the detailed discussion of the exploration of the effect of dopamine we saw that

the basal ganglia model predicted an inhibitoryeffect in the SNR after a dopamine-

agonists intervention in the striatum.

QSIM prediction

Start: B: { f (striatum) = á 0, std ñ }, H

BG

Goal? B È H

BG

|= I: { a (DA-agonist, striatum) = inc} ® P?

Result: P: { f (SNR) = dec}

Yet under basal activation of the striatum the effect was not significant. The predi c -

tion error can be traced to constraints C.9 and C.10 of H

BG.

.

C.9 d/ dt f (striatum-D1-to-SNR) = M + + ( f (striatum), a (DA, striatum))

C.10 d/ dt f (striatum-D2-to-GPe) = M + ˘ ( f (striatum), a (DA, striatum))

In C.9 the activityof the direct pathway f (striatum-D1-to-SNR) is positivelyd e -

pendent on the activityof the striatum f (striatum) and the amount of dopamine a (DA,

striatum) that can act on the D1-receptor. So an increase of dopamine will cause the

same amount of increase of activation of the direct pathway, regardless of the activ a -

tion of the striatum. The same goes for the inhibition of the indirect pathwayas d e -

fined in C.9. A program like MISQ is able to suggest different constraints that imply

the observed values. The observed effects can be accounted for with a revision of C.9

and C.10 to C.9* and C.10*:

9.5. Reasoning 151

MISQ explanation

Start: B: { f (striatum) = á 0, std ñ }, H

BG

I: { a (DA-agonist, striatum) = inc} ® O: { f (SNR) = std}

Goal: H

BG

? |= I ® O

Result: {C.9*, C.10*} Î H

BG

*

C.9* d/ dt f (striatum-D1-to-SNR) = f (striatum) ´ a (DA, striatum)

C.10* d/ dt f (striatum-D2-to-GPe) = f (striatum) / a (DA, striatum)

Now if there is onlylow basal activityof the striatum then DA will have a lot less

effect then when the activityof the striatum is higher. Based on the revised hypoth e -

sis a new prediction can be deduced. An increase of activation of the striatum t o -

gether with an increase of dopamine agonists now implies a stronger effect.

Prediction of a drug effect

A formal description of qualitative theories such as the basal ganglia model can also

be useful in the research practice itself. The problem of the basal ganglia model, as

noted in Chapter 3, is that it is too simple to be real and becomes too complex to

work with when it would be e x tended to incorporate details.

The advantage of a formal description is that you can add more kinds of details,

while you can still easilyexplore predictions bymaking use of a computer program

like QSIM that easilycomputes the consequences for the variables you are interested

in. As an example Ilist a number of computable predictions of different effects on

the SNR after intervening in the direct and indirect pathways of the basal ganglia

with selective dopaminergic agonists. Comparing these kinds of predictions with lab

observations can result into more detailed and accurate models of biological stru c -

tures such as of the basal ganglia.

QSIM prediction

Start: B: { f (striatum) = á +, std ñ }, H

BG

, I

Goal: H

BG

|= I ® P?

D1- agonists

Start: I: { f (striatum-D1-to-SNR) = inc, f (striatum-D2-to-GPe) = inc}

Result: P: { a (GABA, SNR) = ? , a ( Glu, SNR) = inc, f (SNR)) = inc? }

Start: I: { f (striatum-D1-to-SNR) = std, f (striatum-D2-to-GPe) = inc}

Result: P: { a (GABA, SNR) = dec, a ( Glu, SNR) = inc, f (SNR)) = inc}

D2-agonists

Start: I: { f (striatum-D1-to-SNR) = dec, f (striatum-D2-to-GPe) = dec}

Result: P: { a (GABA, SNR) = ? , a ( Glu, SNR) = dec, f (SNR)) = ? dec}

Start: I: { f (striatum-D1-to-SNR) = dec, f (striatum-D2-to-GPe) = std}

Result: P: { a (GABA, SNR) = dec, a ( Glu, SNR) = std, f (SNR)) = inc}

152 Chapter 9. Discovery

Ratios of D1 and D2 agonists:

Start: I: { f (striatum-D1-to-SNR) = std, f (striatum-D2-to-GPe) = dec}

Result: P: { a (GABA, SNR) = dec, a ( Glu, SNR) = dec, f (SNR)) = ? }

Start: I: { f (striatum-D1-to-SNR) = inc, f (striatum-D2-to-GPe) = std}

Result: P: { a (GABA, SNR) = inc, a ( Glu, SNR) = std, f (SNR)) = dec}

Rational drug design

Another process that is an important part of pharmacologyis design. Vos and

Kuipers (1992) proposed that the development of design research in general can best

be described as a more or less systematic attempt to bring together the properties of

available materials and the demands derived from intended applications. Theypr o -

posed a set-theoretic model of this process. In this model there is a set RP of all rel e -

vant properties for a product to be developed. A subset W of RP includes the wished-

for properties of the intended product, so RP-W is the set of unwanted properties. For

each possible prototype x that is created there is an operational profile, consisting of a

set of operational properties O(x) that are part of RP, see Figure 9.4.

O(x)

W

RP

*

*

Figure 9.4: The symmetric difference between operational properties O(x) of prot o -

type x, and the set of wished-for properties W, both part of relevant properties RP for

the object to be d e veloped.

A problem-state during development can now be described as the symmetric di f -

ference W D O(x), defined bythe set of unrealized wanted properties together with

the set of realized properties that are not wanted, i.e. :

W D O(x) := (W - O(x)) È (O(x) - W)

W D O(x) denotes the set of problems, i.e. the qualitative deviation of O(x) from W.

The number of problems to be solved is defined as | W D O(x) | , indicating the quant i -

tative deviation.

The goal of design research is to develop a better product x* such that ideally

O(x*) is closer to W. Kuipers & Vos propose a descriptive model of the transitions of

problem states. This model defines a proper assessment criterion for the improvement

of problem state transitions. Prototype x* is an improv e ment of x in view of W iff:

O(x*) D W is a proper subset of O(x) D W

9.5. Reasoning 153

So a new prototype is an improvement onlyif it has at least one wished-for property

more or at least one u n wished-for propertyless.

For most design research it is possible to divide the set of relevant properties into

two complementarysets of structural and functional properties S and F. Often first a

functional profile WF is determined of what the product is supposed to do. The next

question is how this can be realized. Yet a product is not uniquelydetermined byWF,

often functional equivalents are possible, so the set of looked for structural properties

is called an appropriate structural profile AS for WF if it causallyimplies the desired

functional properties WF.

In drug research the determination of the desired functionalityWF is normally

guided byknown characteristics of a disease. These can be explicated as part of the

set of conceivable characteristics of potential applications C(A) of a drug, see Figure

9.5. We can saythat for a given disease yits profile C(y) uniquelydetermines the d e -

sired functional profile WF, while the reverse is not the case. A drug for a given

characteristic can be useful for each disease containing that characteristic. An i m -

provement of a drug´s structure and functionalitycan be defined analogous to the

definition above.

For example, in the case of Parkinson´s disease, the characteristics of the path o -

logical condition C(Parkinson´s disease) includes a degeneration of dopaminergic

neurons in the substantia nigra, and a subsequent depletion of the neurotransmitter

dopamine in that area. For symptomatic treatment it is suggested that a drug is found

that replaces the function of dopamine in that area (WF). This should be an effect

caused bya drug with an appropriate structure (AS). How the properties AS of a drug

might bysu g gested byWF is extensivelydiscussed in Vos (1991).

In the next subsection Iwill discuss how the functional properties WF for a drug

intervention can be rationallyinferred given characteristics of a disease C(y) and (a

formal description of) an available biological theory.

F

OS(x

)

AS

OF(x)

W F

S C(A )

C(y)

Figure 9.5: A problem state in the S/FA model of drug design research. The disease

characteristics C(y) determine the wished-for biochemical effect WF that is caused by

a looked for drug with appropriate structure AS. OS(x) and O F (x) are the operational

structural and functional profile of prototype drug x.

154 Chapter 9. Discovery

Rational drug treatment design

In section 9.4 we saw that in the rational design of a drug treatment knowledge of

biological processes is used to infer the effect of a drug intervention. The suggested

intervention can either contain a description of the desired local influence of a drug

on the system, or a description of a drug that is known to have the needed functional

properties. These desired properties of the drug should cause a decrease in disease

symptoms, and are called a drug lead ( Vos , 1991). The rational search for a drug lead

can be understood as a problem of qualitative reasoning. Knowledge of qualitative

relations between variables describing properties of a pathological biological system

can be sufficient to find variables that can influence that system.

The search involved is structurallysimilar to that of explanatoryreasoning, but has

a different search goal. Instead of finding a simple hypothesis that explains an o b -

served behavior, the task is to find a minimal intervention that has a desired effect on

properties such as the behavior of the system, with minimal side effects. So, anal o -

gouslyto inference to the best explanation, this process can be called ^inference to

the best intervention~.

The object of drug treatment design does not initiallyconcern the properties of a

compound as in drug design, but the properties of a biological system, an organism.

In the latter the goal is to create a drug so that it has given desired properties, in the

former the goal is to create the behavior of a biological system so that it has given

desired properties. These properties can also be divided in structural and functional

properties. A disease is a set of unwanted properties of a biological system. These can

be compared with wished for properties of a system. So we can define the characte r -

istics of a disease as follows.

Definition 11 Disease characteristics. Given the operational properties O(x) of a

pathological system x and the wished for properties W, the characteristics C(y) of a

disease ycan be defined as the symmetric difference between O(x) and W:

C(y) : = W D O(x)

The set O(x) contains all the considered properties of a system x, not onlythe path o -

logical properties. So the set W Ç O(x) is not empty. The goal of drug treatment is to

change the properties O(x) of system x to O*(x) such that both O*(x) ˘ W and W ˘

O*(x) are minimized

Rational drug treatment design involves finding a drug treatment for a given

pathological condition of a system bymaximallyemploying known theories and

knowledge about biological processes. A proper theoryabout a disease should be

able to explain the pathological properties.

So, let a set H of theories about biological processes be given as well as bac k -

ground assumptions B(x) involved in the explanation of the observed properties

among the properties O(x) of a pathological system x. The problem of the design of a

drug treatment of the pathological properties O(x) D W is to cause onlywished for

properties from W bya drug intervention I(x) of the system, i.e. H È B(x) |= I(x) ®

W. If we can explain the pathological condition, then we can use that knowledge to

infer a suitable intervention.

9.5. Reasoning 155

Rational drug treatment design

Start : H È B(x) |= O(x)

Goal : H È B(x) |= I? ® W

Result : I*(x)

The search goal is to find, byreasoning about processes in H, a proper drug interve n -

tion that influences processes that cause the desired properties W, but not those from

O(x) ˘ W. That is, the goal is to eliminate the difference between W and O(x). The

result of the search is the suggestion of a manipulation of a local biochemical pro p -

ertythat can be affected bya drug. A drug that has this wished for functional effect

(WF) can be searched for in the set of known drugs, or pose a new problem for r a -

tional drug design.

Of course it would be ideal, given the known H and the nature of the disease, to

infer a suggestion for a drug intervention Ithat onlycauses W. A drug usuallyalso

causes side effects, often creating undesired effects that are not part of the disease

that is targeted. Therefore we need a gradual evaluation criterion for the improvement

of suggestions ( cf. T.A.F. Kuipers , Vos en Sie 1992). Let us saythat the moderated

design goal is to find the suggestion Isuch that its (predicted) consequence for a sy s -

tem H È B(x) |= I(x) ® P(x) resembles the desired condition W more than the

patholog i cal condition O(x), i.e. that:

P(x) D W is a proper subset of O(x) D W

That is, roughly, the drug should not have more unwanted consequences than acco m -

plished d e sired consequences, cf. Figure 9.6.

P(x) W

O(x)

RP

Figure 9.6: Problem state in searching an intervention with effect P(x) that most r e -

sembles desired properties W in treating a pathological system x with operational

properties O(x).

The evaluation of improvement of more than one drug suggestion can follow the

same lines. A drug intervention I* of x is better than an intervention Iif the properties

of consequence P* resemble W more than those of P:

P*(x) D W is a proper subset of P(x) D W

156 Chapter 9. Discovery

However, this is onlyan evaluation of properties that is neutral to the different kinds

of undesired properties. In this wayan intervention could be inferred that treats most

of the symptoms, but causes a symptom that is worse than the disease that is treated.

This could be remedied bya ordering of the undesired properties, together with a

quantitative measure of deviation.

The resulting suggestion for a drug intervention can on its turn be used to test the

theories used to find the suggestion. Given an inferred drug intervention I(x), an e x -

periment can be done and its resulting observation of the altered operational prope r -

ties O(x) of x can be compared with the predicted properties P (x) . A discrepancycan

be used to redesign H, or the assum p tions about B(x) or I(x).

Testing of predicted drug effect

Start: H È B(x) |= I(x) ® P(x)

Goal: I ® O?

Result: I ® O*

The same kind of design and testing is found in designing experimental conditions

for focused testing of hypotheses, as we saw at the end of section 9.4.

Rational design of an experimental condition

Start : H È B |= I ® P

Goal : H È B |= I? ® W

Result : I*

Computational drug lead discovery

Next to rational drug design in the lab, we also saw in section 9.4 that there is a sub-

discipline in pharmacologycalled computational drug design. This discipline is co n -

cerned with the rational design and exploration of drug structures and drug function,

making use of computational models of those structures. This is usuallya quantit a -

tive approach, making massive computations in quantum mechanics to predict e.g.

the folding of the protein structure of a receptor in reaction to a drug structure.

To search for a drug treatment there are manykinds of computer programs that

can help to diagnose a particular disease and suggest a drug treatment. These pr o -

grams make use of explicitlyknown established assumptions about pathologyand

medicine. These kinds of tools are less known in the practice of basic r e search.

An exception is the ARROWSMITH program of Swanson and Smallheimer

(1997). This program searches for unknown relations between research findings in

the literature. One research group the members of which know each other´s writings

mayestablish that there is a connection between biological properties A and B, while

another group in a slightlydifferent field could have established a link between B and

C, but maybe unaware of the other group´s results. If C is related to a pathological

propertythen A might be a lead candidate for drug treatment. The ARROWSMITH

program searches for these implicit links in the published texts that describe results,

making use of different st a tistical techniques.

A search byARROWSMITH discovered a link between fish oil (A) and

Reynaud´s disease (C). Both are related to properties of blood viscosity, platelet a g -

gregation, and vascular reactivity(B). The program also discovered a relation b e -

9.5. Reasoning 157

tween magnesium and migraine, theyshare 11 related properties. Weeber et al

(2000b) develop techniques for the same kind of problems in order to find out

whether published side effects of drugs maybe beneficial for the treatment of other

diseases.

Textual drug lead discovery

Start: �, A ® B, �, B ® C, �

Goal: ? ® C

Result: A*

This search for a novel treatment is conducted in the enormous amount of pu b -

lished results, represented bythe dots in the above scheme A discovered relation is a

discoveryof an implicit conceptual relation in explicitlyknown results. These results

contain explicit descriptions of interventions, observations, explanations and predi c -

tions. Such searches are fruitful, but theycan not find implicit consequences of pr o -

posed explanations and theories. This is a hard problem because a description of a

theoryin natural or informal language, as is common in medicine, is difficult to an a -

lyze semantically. It is possible to cluster words that are related in meaning, but with

current techniques it is not possible to computationallyinfer logical consequences

from sentences in natural language. These techniques can assist in the discoveryof

textual relations, but theystill have to be inte r preted bya knowledgeable scientist.

A more formal description of both qualitative and quantitative results can result in

computational discoveries of new interesting consequences, for both basic research

and treatment.

Logical drug lead discovery

Start: H |= C

Goal: H |= ? ® C

Result: H |= A* ® C

For example the formal description of the basal ganglia, incorporating more r e -

search details can be used to computationallyexplore interesting predictions, as we

saw in this section, and to search interventions with desired properties in detail. The

desired state W that should be caused byan intervention aimed to combat Parki n -

son´s disease includes { f (SNR) = dec}. A search program can infer that this can be

caused byan increase of GABA or a decrease of glutamate: { a (GABA, SNR) = inc,

a ( Glu, SNR) = dec}. These variables can on their turn be influenced bydifferent i n -

terventions with selective dopamine agonist. The effects of those where predicted

earlier in this section. We alreadysaw in section 9.3 how the model implied the tr a -

ditional treatment of targeting the m e tabolism of dopamine.

Computational drug lead discovery

Start: H

BG

Goal: QSIM(H, I? ) = W

Result: I*

158 Chapter 9. Discovery

In this search not onlyone looks for which variables are related, but also one tries

to find out how the values of these variables influence each other. It is one thing to

know that dopamine and Parkinson symptoms are related, but it is a more specific

hypothesis that the decrease of the amount of dopamine is related to the increase of

symptoms. With this knowledge available in QDEs one maybetter evaluate possible

interventions in a system. If an intervention causes a variable to be steadywhile you

wished that it would increase, then that result is not as bad as when it would decrease,

cf. Table 9.5. This evaluation can be extended with specific weights for particular

properties, depending on the disease and the importance of particular pro p erties.

P \W dec std inc

dec 1 0 -1

std 0 1 0

inc -1 0 1

Table 9.5: Quantitative evaluation of a predicted qualitative value of a variable from

the set of predicted properties P, compared with the desired value of the same var i -

able in the set of wished-for properties W.

In this wayall variables under consideration can be evaluated to find the best inte r -

vention, for which the sum of the evaluations of all value comparisons should be

maximal. This evaluation can also be applied to the other structurallysimilar rational

design problems Idiscussed.

9.6 Conclusion

So, what is the rational use of theoryand experiment in the process of scientific di s -

coveryin the practice of drug research for Parkinson´s disease, compared to theoryas

discussed in part II? In Part IIwe saw that in the theoretical conception of scientific

discoverythe rational use of a theoryin scientific discoveryis to explain observations

with simple additional hypotheses that can predict properties of phenomena. The r a -

tional use of experiment is to test predictions of those explanations. This use of th e -

oryand experiment is considered to be what makes the process of scientific discovery

r a tional.

After analyzing a practice of scientific discoveryin detail it is apparent that both

theoryand experiments are used for manymore reasons, with different goals and r e -

sults, all leading to different kinds of scientific discoveries, as summarized in Table

9.4. Theories are used to explain observations, and to make predictions that test the

theory. But theyare also used to rationallydesign experimental conditions and trea t -

ments, and to explore phenomena. Experiments are used to test theories byobserving

and intervening in properties of phenomena that are predicted bythat theory. But they

are also used in treatment and in manydifferent kinds of exploration, often interve n -

ing in ways and having one look in to directions that are not suggested bytheory, but

just bycuriosity. In this case the rational to use experiment to explore those areas is

that there is no theoryor expectation about it, giving ample room for new empirical

discove r ies.

9.5. Reasoning 159

Yet devising and testing theoryremains an important part of science, both in th e -

oryand in practice. The use and nature of theories in scientific practice is grounded in

primaryand secondarycognitive mechanisms as explicated in Chapter 5. Natural

language and informal diagrams are the vehicles of choice to represent assumptions

in the scientific discipline Ianalyzed. Yet in this wayit is not always possible to fully

oversee the consequences of known theories and results. To better understand these,

epistemologists devise formal theories about theories. These can be used to represent

a theorymore explicitly. In the case study, Ishowed how this can be done for the

theoretical model of the basal ganglia.

So, it is now time to answer the specific questions of this thesis for mycase study:

Question 1 The theoryof the basal ganglia consists of qualitative relations b e -

tween variables of chemical and electrical neural activityin nuclei. The structure of

this theorycan be represented as a qualitative differential equation. In a structuralist

approach the theorycan be defined byits models, given a set of constraints on co n -

ceptuallypossible models defined bya set of variables and possible values.

Question 2 When a drug intervention is observed together with a certain change in

a propertyof a biological system, a conditional dependencycan be inferred. Clusters

of observed or assumed relations between variables that describe the domain can t o -

gether become a theorythat explains other relations. A goal in neuropharmacologyis

to infer a hypothesis H that best explains how observed properties O of a biological

system are conditionallydependent on an intervention I, i.e. to infer the best explan a -

tion (IBE). This hypothesis can be used to rationallydesign a drug treatment or a

condition for an experiment, to cause wanted properties W, i.e. to infer the best inte r -

vention (IBI). Given a hypothesis and an intervention new consequences P can be

predicted. If the goal is to test the theory, the goal of the reasoning process is to infer

the best prediction (IBP), see Table 9.6.

Problem Start Background Process Goal Goal properties

Explan a tion I ® O B, V, Q, D IBE H* B È H* |= I ® O

Design W B, H: á V, Q, C, D ñ IBI I* B È H |= I* ® W

Prediction I B, H: á V, Q, C, D ñ IBP P* B È H |= I ® P*

Table 9.6: Main processes of reasoning discussed in this part.

Finding a hypothesis H*, an intervention I* or a prediction P* that is optimal

given the assumed conditions, can be called a conceptual discoveryand is often no

trivial problem. It mayrequire an exhaustive search in a problem space that is defined

out of known concepts in V and Q. Within that problem space a hypothesis H maybe

found that is denoted bythe set of constraints C on all the possible models of a d o -

main, as determined byV, Q and D. An intervention and prediction are rationally

searched for within the models allowed bythe constraints of the hypothesis. Finding

a proper hypothesis for a domain mayalso require a conceptual revision of the pro b -

lem space, byrevising the variables in V and quantityspaces in Q. In contrast to a

conceptual discovery, making an experimental intervention and observation can lead

to an empirical discovery, when new properties or phenomena are actuallycreated or

observed.

160 Chapter 9. Discovery

Question 3 In this chapter Ihave discussed manydifferent routes between theory

and experiment. Particular interventions and observations can lead to new empirical

discoveries when the observed properties are not expected, or prove an expectation to

be wrong. Such an empirical discoveryis able to logicallyrefute a theory, but in

practice it will not be deserted. A false theorycan remain a fruitful pointer to dire c -

tions for new interventions and observations that can lead to new empirical disco v -

eries. In biological practice explanations are revised to fit observations, looking first

at the assumptions about the interventions and observations and in the bac k ground.

In contrast to the discussed diversityin the discoveryprocess in the practice of

neuropharmacology, Iend mydiscussion of the questions of this thesis with a formal

summaryof the textbook example of the process of discoveryin drug research for

Parkinson´s disease:

1. Observe phenomenon p: pi,�, pj (parts of the basal ganglia)

2. Describe p: I ® O

I: { a (DA, striatum) = dec}

I ® O: { f (SNR) = inc}

3. Explain p: B È H? |= I ® P

H

BG

*: á V, Q, C, D ñ

4. Predict p: B È H

BG

|= I ® P?

I: { a (DA, striatum) = inc} ® P*: { f (SNR) = dec}

Design p: B È H

BG

|= I? ® W

I*: { a (D

1/2

-agonist, striatum) = inc} ® W: { f (SNR) = dec }

5. Intervene p: do I

6. Observe p: see P?

In step 1. processes and properties of the basal ganglia are observed. It is described

how a decrease of dopamine in the striatum byan intervention results into an increase

of activityof the SNR. A model of the basal ganglia is proposed that implies the o b -

servation in step 3. In step 4. this model is used to predict that an increase of dop a -

mine in the striatum will cause a decrease of activation of the SNR. Given the d e -

crease of SNR activation as a wished-for property, the model also implies other po s -

sible interventions, such as agonists for a receptor-subtype. These suggestion can be

experimentallytested in steps 5. and 6.

This process can be aided in both theoryand practice with the use of computer

modeling tools that can assist in finding descriptions, explanations, predictions, and

new designs. However, the bigger problem to make these tools useful is the avai l -

abilityof biological theoryin a formal representation. It would be ideal if scientists in

biologywould publish their results both in natural language and in a formal format.

To this end, Peter Karp started an internet database that invites biologists to add their

results in a provided formal format. This database is used to test new methods that

can aid the process of discoveryin science, aiding on its turn the process of unde r -

standing rationalityin discovery.

*

Summary

Part I Introduction

The specific problem adressed in this thesis is: what is the rational use of theoryand

experiment in the process of scientific discovery, in theoryand in the practice of drug

research for Parkinson´s disease? The thesis aims to answer the following specific

questions: what is: 1) the structure of a theory? ; 2) the process of scientific

reasoning? ; 3) the route between theoryand experiment? In the first part Ifurther

discuss issues about rationalityin science as introduction to part II, and Ipresent an

overview of mycase-studyof neuropharmacology, for which Iinterviewed

researchers from the Groningen PharmacyDepartment, as an introduction to part III.

Part II Discovery

In this part Idiscuss three theoretical models of scientific discoveryaccording to

studies in the fields of Logic, Cognition, and Computation. In those fields the

structure of a theoryis respectivelyexplicated as: a set of sentences; a set of

associated memorychunks; and as a computer program that can generate the

observed data. Rationalityin discoveryis characterized by: finding axioms that imply

observation sentences; heuristic search for a hypothesis, as part of problem solving,

byapplying memorychunks and production rules that represent skill; and finding the

shortest program that generates the data, respectively. Ifurther argue that reasoning in

discoveryincludes logical fallacies, which are neccesaryto introduce new

hypotheses. Ialso argue that, while human subjects often make errors in hypothesis

evaluation tasks from a logical perspective, these evaluations are rational given a

probabilistic interpretation.

Part III Neuropharmacology

In this last part Idiscusses mycase-studyand a model of discoveryin a practice of

drug research for Parkinson´s disease. Idiscuss the dopamine theoryof Parkinson´s

disease and model its structure as a qualitative differential equation. Then Idiscuss

the use and reasons for particular experiments to both test a drug and explore the

function of the brain. Idescribe different kinds of problems in drug research leading

to a discovery. Based on that description Idistinguish three kinds of reasoning tasks

in discovery, inference to: the best explanation, the best prediction and the best inte r -

vention. Ifurther demonstrate how a part of reasoning in neuropharmacologycan be

computationallymodeled as qualitative reasoning, and aided bya computer su p -

ported discoverysystem

163

Propositions

1. Problem

Before one can stand on the shoulders of giants, one first has to climb them.

2. Rationality

Assumptions about processes of scientific discoveryimplyassumptions about ps y -

chological processes, and vice versa .

3. Neuropharmacology

A part of reasoning in neuropharmacologycan be modeled as reasoning about qual i -

tative diffe r ential equations, and can be assisted bya computer.

4. Logic

Reasoning in scientific discoveryincludes logical fallacies, which are necessaryto

introduce new hypotheses byabduction.

5. Cognition

To understand the rationalityof (secondary) cognitive processes of sym bolic problem

solving in science, one also needs to understand how these processes are controlled

by(primary) cogn i tive processes of probabilistic learning.

6. Computation

One has learned something when one can compute part of the same output with less

input.

7. Theory

Rationalityin discovery, in theory, includes inferring hypotheses that best explain

observations, and inferring predictions that can experimentallytest those hypotheses

best.

8. Practice

Rationalityin discovery, in practice, also includes inferring the best interventions in

designing drugs, treatments, and experimental conditions to explore phenomena.

9. Discovery

Interdisciplinaryscientists build bridges that other scientists are not eager to cross.

165

Samenvatting

Deel I Introductie

Het probleem dat dit proefschrift behandeld is: wat is het rationeel gebruik van theo-

rie en experiment in het proces van wetenschappelijk ontdekken, zowel in theorie als

in de praktijk van geneesmiddelenonderzoek voor de ziekte van Parkinson? Een an t -

woord wordt gegeven op de volgende specifieke vragen, wat is: 1) de structuur van

een the orie; 2) het proces van wetenschappelijk redeneren; en 3) de route tussen the o -

rie en experiment? In deel Ibehandel ik verder, als introductie voor deel IIen III, d e -

batten over rationaliteit in wetenschap, en presenteer ik een overzicht van mijn case-

studie van de neurofarmacologie, waarvoor ik enkele onderzoekers van het Unive r -

sitair Centrum voor Farmacie van de Rijksuniversiteit Groningen i n terviewde.

Deel II Ontdekken

In dit deel behandel ik drie modellen van ontdekken, volgens de logica, de cognitieve

psychol o gie, en de computerwetenschap. In deze velden wordt een theorie respectie-

velijk gezien als: een verzameling zinnen; een verzameling geassocieerde geheugen-

partjes; en, een computerprogramma. Rationaliteit in ontdekken is gekarakteriseerd

als respectievelijk: het vinden van axioma´s waaruit observatiezinnen afgeleid kun-

nen worden; het heuristisch zoeken naar een verkl a ring voor observaties waarbij ge-

heugenpartjes en regels, die vaardigheden representeren, worden toegepast; en, het

vinden van het kortste computerprogramma die de observatiedata kan genereren. Ik

beargumenteer dat redeneringen die nieuwe hypothesen introduceren de vorm hebben

van een drogreden. Verder beargumenteer ik dat, terwijl proefpersonen vaak incor-

recte evaluaties van hypothesen maken vanuit een logisch perspectief, deze evaluaties

rationeel zijn vanuit een probabilistische interpretatie.

Deel III Neurofarmacologie

In dit laatste deel behandel ik mijn casestudie van ontdekken in een praktijk van g e -

neesmiddelenonderzoek voor de ziekte van Parkinson. Ik bespreek de dopamine the o -

rie van de ziekte van Parkinson en modelleer de structuur. Daarna behandel ik het

gebruik van experimenten om zowel een medicijn te testen als om functies van de

hersenen te verkennen. Ik beschrijf daarbij verschillende soorten problemen in g e -

neesmiddelenonderzoek die leiden tot een ontdekking. Gebaseerd op deze beschri j -

ving maak ik een on derscheid tussen drie soorten redeneertaken in wetenschappelijk

ontdekken, het aflei den van: de beste verklaring, de beste voorspelling, en de beste

interventie. Ik de monstreer verder hoe een deel van het redeneren in de neurofarm a -

cologie kan worden gemodelleerd als kwalitatief redeneren, en kan worden onde r -

steund door de co m puter.

167

Stellingen

1. Probleem

Voordat men kan staan op de schouders van reuzen, moet men deze eerst bekli m men.

2. Rationaliteit

Aannames over processen van wetenschappelijk ontdekken impliceren aannames

over psychologische pr o cessen, en vice versa .

3. Neurofarmacologie

Een deel van het redeneren in de neurofarmacologie kan worden gemodelleerd als

redeneren over kwalitatieve differentiaalvergelijkingen, en kan worden geassisteerd

door een computer.

4. Logica

Drogredenen zijn een deel van het redeneren in wetenschappelijk ontdekken, dit is

noodzakelijk voor het introduceren van nieuwe hypothesen door abductie.

5. Cognitie

Om de rationaliteit van (secundaire) cognitieve processen in het oplossen van sy m -

bolische wetenschappelijke problemen te begrijpen, is het ook nodig om te begrijpen

hoe deze processen worden gestuurd door (primaire) cognitieve processen van prob a -

bilistisch leren.

6. Computatie

Je hebt iets geleerd als je een deel van dezelfde output kunt berekenen met minder

input.

7. Theorie

Rationaliteit in ontdekken, in theorie, omvat het afleiden van hypothesen die het best

observaties verklaren, en het afleiden van experimenten die deze hypothesen het best

testen.

8. Praktijk

Rationaliteit in ontdekken, in de praktijk, omvat tevens het afleiden van de beste i n -

terventies in het ontwerpen van medicijnen, behandelingen, en experimentele cond i -

ties om fenomenen te verkennen.

9. Ontdekken

Interdisciplinaire wetenschappers bouwen bruggen die ander wetenschappers niet

graag oversteken.

Bibliography

Aliseda-LLera, Atocha (1997) Seeking Explanations: Abduction in Logic, Philosophy

of Science and Artificial Intelligence . ILLC dissertation series DS-1997-04, A m -

sterdam.

Anderson , J. R. (1985) Cognitive psychology and its implications . Freeman, New

York,

Anderson , J. R. (1993) Rules of the Mind . Lawrence Er l baum Associates.

Anderson , J. R. (1996) ACT, A Simple Theoryof Complex Cognition. American

Psychologist, 51(4), 355-365.

Anderson, J. R. & C. Lebiere (1998) The Atomic Components of Thought. Lawrence

Er l baum Associates.

Bechtel , W. (1988) Philosophy of Science, an overview for cognitive science . La w -

rence Erlbaum Associates.

Cooper, J. R., Bloom, F.E. & Roth, R.H. (1996 ) The Biochemical Basis of Neur o -

pharmacology ( 7th ed.) Oxford: Oxford UniversityPress.

Culp, S. & Kitcher, P. (1989) TheoryStructure and TheoryChange in Contemporary

Molecular Biology. Britisch Journal of Philosophyof Science(40), 459-483.

Cuto, L. & Crutcher, M.D. (1991) The Basal Ganglia. In E.R. Kandel, J.H. Schwartz

& T.M. Jessel (Eds.), Principles of Neural Science (pp. 647-659, Ch. 42) New Je r -

sey: Prentice Hall.

D.R. Swanson , N.R. Smalheiser (1997) An interactive system for finding compl e -

mentaryliteratures: a stimulus to scientific discovery. AI, 91, pp.183-203.

Darden, L. (1990) Diagnosing and fixing faults in theories. In: J. Shrager & P. La n -

gley , o.c., 319-354.

Darden, L. (1991) Theory change in science: strategies from Mendelian genetics .

Oxford UniversityPress, New York.

Darden, L. (1997) Recent Work in Computational Scientific Discovery. In M.G.

Shafto & P. Langley (Ed.), 19th Annual Conference of the Cognitive Science S o -

ciety, (pp. 161-166) Stanford: Lawrence Erlbaum Assoc i ates.

de Jong, H. & Rip, A. (1997) The computer revolution in science: steps towards the

realization of computer supported discoveryenvironments. Artificial Intell i -

gence(91), 225-256.

de Jong, H. & van Raalte, F. (1997) Comparative Analysis of StructurallyDifferent

Dynamical Systems. In M.E. Pollack (Eds.), Proceedings of the 15th International

Joint Conference on Artificial Intelligence (pp. 486-491) San Francisco: Morgan

Kaufmann.

de Jong, H. (1998) Computer-supported analysis of scientific measurements . PhD-

thesis, Twente University.

170 Bibliography

de Jong, H., A. Rip (1997a) The computer revolution in science: steps toward the r e -

alization of computer-supported discoveryenvironments. Artificial Intelligence,

91 pp. 225--256.

de Jong, H., Mars, N.J.I. & van der Vet, P. (1996) CEC: Comparative analysis by

envisionment construction. In W. Wahlster (Eds.), Proceedings of the 12th Eur o -

pean Conference on Artrificial Intelligence (pp. 476-480) Chichester: John Wiley

and Sons.

de Jong, H., Mars, N.J.I. & van der Vet, P.E. (1998) Computer-supported analysis of

measurements in materials science. In J. Meheus (Ed.), International Congress on

Discoveryand Creativity, Gent: Universityof Gent.

Carnap, R. (1967) The logical structure of the world. (R.A. George trans.) Berkeley,

Universityof California Press. (originallypublished in 1928.)

De Vries, G. (1985) De ontwikkeling van wetenschap, Een inleiding in de wete n -

schapsfilosofie. Wolters-Noordhoff.

DeJong, M.R. (1990) Primate models of movement disorders of basal ganglia origin.

TINS, 13(7), 281-285.

Dunbar , K. (1995) How Scientists ReallyReason: Scientific Reasoning in Real-

World Laboratories. In R.J. Sternberg & J.E. Davidson (Eds.), The Nature of I n -

sight, Oxford, MIT Press, pp. 365--395.

Flach , P. (1995) Conjectures, an inquiry concerning the logic of induction . ITK Di s -

sertation series 1995-1, Universityof Tilburg.

Fodor , J.A. (1975) The Language of Thought . Thomas Y. Cro m well Company.

Forbus, K. (1984) Qualitative process theory. Artificial Intelligence, 24: 85-168.

Forbus, K.D. (1997) Qualitative Reasoning. In A.B. Tucker (Eds.), The computer

science and engineering handbook (pp. 715-733) Boca Rato, Florida: CRC Press.

Giere, R. (1981) Understanding scientific reasoning 2 nd edition . Holt, Rineman and

Winston, New York.

Giere, R. (ed.) (1992) Cognitive models of science . Universityof Minnesota, Mi n -

neapolis.

Giere, R. N. (1987) Cognitive models in the philosophyof science. In A. Fine & P.

Machander (eds.), PSA-1986, Philosophyof Science Association, East Lan s ing.

Giere, R. N. (1988) Explaining science: A cognitive approach . The Universityof

Chigago Press, Chigago.

Gingerich, O. (1992) The great Copernicus chase and other adventures in astr o -

nomical history Cambridge, Mass.: Sky; Cambridge : Cambridge University

Press.

Goldman , A. (1986) Epistemology and Cognition. Harvard UniversityPress.

Gorman, M. (1992) Simulating science . Indiana universitypress, Bloomington.

Hacking , I. (1983) Representing and intervening . Cambridge UniversityPress.

Hendriks, P., Taatgen , N. & Andringa, T. (1997 ) Breinmakers en breinbrekers, Inle i -

ding Cognitiewetenschap . Amsterdam: Addison Wesley Longman.

Holland, J.H., K.J. Holyoak, R.E. Nisbett, P.R. Thagard (1986) Induction: processes

of inference, learning, and discovery . MIT-Press, Ca m bridge.

Horn , A.S. (1990) Dopamine Receptors. In J.C. Emmet (Eds.), Membranes & rece p -

tors (pp. 229-290) Oxford: Pergamon Press.

Houk, J.C., Davis, J.L. & Beiser, G.B. (1995) Models of Information Processing in

the Basal Ganglia. Cambridge, MA: The MIT Press.

Bibliography 171

Hunter, L. (Ed.) (1993) Artificial Intelligence and Molecular Biology . Menlo park,

California: MIT Press.

Iwasaki, Y. & Simon , H.A. (1994) Causalityand model abstraction. Artificial intell i -

gence : an international journal, 67(1), 143-194.

Jenner, P. (1995) The Rationale for the use of dopamine agonists in Parkinson´s di s -

ease. Neurology, 45( Suppl. 3), S6-S12.

Kamps, J. (2000) A Logical Approach to Computational Theory Building ( with a p -

plications to socio l ogy. Phd-thesis, ILLC dissertation series 2000-02, Amsterdam.

Kandel, E.R. (1991) Disorders of Thought: Schizophrenia. E.R. Kandel, J.H.

Schwartz & T.M. Jessel (Eds.), Principles of Neural Science (pp. 853-868, Ch. 55)

New Jersey: Prentice Hall.

Kandel, E.R. (1991) Nerve Cells and Behaviour. E.R. Kandel, J.H. Schwartz & T.M.

Jessel (Eds.), Principles of Neural Science (pp. 18-32, Ch. 2) New Jersey: Prentice

Hall. Koller, W.C., Silver, D.E. & Lieberman, A.

Kandel, E.R., Schwartz, J.H. & Jessel, T.M. (Ed.) (1991) Principles of Neural Sc i -

ence ( 3rd ed.) New Jersey: Prentice Hall.

Kandel, E.R., Siegelbaum, S.A. & Schwartz, J.H. (1991) Synaptic Transmission. In

E.R. Kandel, J.H. Schwartz & T.M. Jessel (Eds.), Principles of Neural Science

(pp. 123-134, Ch. 9) New Jersey: Prentice Hall.

Karp P. and M. Riley (1993) Representations of metabolic knowledge. In Procee d -

ings of the First International Conference on Intelligent Systems for Molecular B i -

ology, L. Hunter, D. Searls, and J. Shavlik (eds.), AAAIPress , Menlo Park, CA,

pp. 207--215.

Karp , P.D. & Mavrovouniotis, M.L. (1994) Representing, Analyzing, and Synth e -

sizing Biochemical Pathways. IEEE Expert: intelligent systems and their applic a -

tions, 9(2), pp. 11-22.

Karp , P.D. (1992) Hypothesis Formation as Design. In J. Shrager & P. Langley

(Eds.), Computational Methods of Scientific Discoveryand TheoryFormation

(pp. 275-317) Palo Alto: Morgan Kaufmann Pu b lishers, Inc.

Karp , P.D. (1993) Design Methods for Scientific Hypothesis Formation and Their

Application to Molecular Biology. Machine Learning, 12, pp. 89-116.

Keppel Hesselink¸ J.M. (1986) De ziekte van Parkinson . Kerckebosch, Zeist.

Kitcher, P. & Culp, S. (1989) TheoryStructure and TheoryChange in Contemporary

Molecular Biology. British Journal of Philosophyof Science, 40, 459-483.

Koetter, R. & Wickens, J. (1995) Interactions of Glutamate and Dopamine in a Co m -

putational Model of the Striatum. Journal of Computational Neurosc i ence(2), 195-

214.

Koetter, R. & Wickens, J. (1998) Striatal mechanisms in Parkinson´s disease: new

insights from computer modeling. Artificial intelligence in medicine, 13(1), 37-56.

Kuhn , T.S. (1970) The Structure of Scientific Revolutions . Universityof Chicago

Press.

Kuipers, B. (1994) Qualitative Reasoning, Modeling and simulation with incomplete

knowledge . Cambridge, MA: MIT Press.

Kuipers , B. & Kassirer, J.P. (1984) Causal reasoning in medicine: analysis of a pr o -

tocol. Cognitive Science(8), 363-385.

Kuipers , Benjamin, A. Moskowitz, J.P. Kassirer (1990) Critical Decisions under U n -

certainty: Representation and structure.

172 Bibliography

Kuipers , T.A.F en A.R. Mackor (1995) Cognitive Patterns in Science and Common

Sense . Rodopi.

Kuipers , T.A.F. (2000) Structures in Science, heuristic patterns based on cognitive

structures . Kluwer.

Kuipers , T.A.F., Vos , R. & Sie, H. (1992) Design Research Programs and the Logic

of their Development. Er k enntnis(37), 37-63.

Kuipers , Th.A.F (1999) Abduction aiming at empirical progress or even truth a p -

proximation leading to a challenge for computational modelling. In Foundation of

Sc i ence 4, 307-323.

Lakatos , I. (1978) The methodology of scientific research pr o grams . Cambridge.

Langley , P., H.A. Simon , C.L. Bradshaw, J.M. Zytkow (1987) Scientific Discovery,

Computational Explorations of the Creative Processes. MIT Press, Cambridge,

Massachusetts.

Laudan , L. (1978) Progress and its problems . Universityof Cal i fornia Press.

Li , M. and P.M.B. Vitányi (1990) Kolmogorov Complexityand its Applications. In:

J. van Leeuwen Algorithms and Complexity, Handbook of Theoretical Computer

Science, volume A, Elsevier,187--254.

Li , M. and P.M.B. Vitányi (1993) Inductive Reasoning and Kolmogorov Complexity.

In: Journal of Computer and System Sciences, vol. 44, no. 2.

Li , M. and P.M.B. Vitányi (1994 ) An Introduction to Kolmogorov Complexity and Its

Applications . Addison-Wesley, Reading, MA.

Marr, D. (1982) Vision: A Computational Investigation into the Human Represent a -

tion and Processing of Visual Information . W.H. Freeman and Company, NY.

Mitchell, I.J., Brotchie, J.M., Brown, G.D.A. & Crossman, A.R. (1991) Modeling the

functional Organization of the Basal Ganglia, A Parallel Distributed Processing

Approach. Movement Disorders, 6(3), 189-204.

Newell, A. and H. Simon (1972) Human Problem Solving . Englewood Cliffs, N.J.:

Prentice Hall.

Oaksford , M, N. Chater (1996) Rational Explanation of the Selection Task In: Ps y -

chological review, ISSN 0033-295X, Vol. 103 (Issue 2), pp. 381-391 (11)

Parent, A. & Cicchetti, F. (1998) The Current Model of Basal Ganglia Organization

Under Scrutiny. Movement Disorders, 13(2), 199-202.

Popper , K. R. (1959) The logic of scientific discovery . Hutchi n son.

Richards, B.L., Kraan, I. & Kuipers , b.J. (1991) Automatic Abduction of Qualitative

Models. In Proceedings of the 5th International Workshop on Qualitative Re a -

soning about Physical Systems (pp. 295-301)

Rikken, F. (1998) Adverse drug reactions in a different context: A scientometric a p -

proach towards adverse drug reactions as a trigger for the development of new

drugs . PhD-thesis, Groningen University.

Schaffner, K.F. (1986) Exemplar reasoning about biological models and diseases: a

relation between the philosophyof medicine and philosophyof science. Journal of

Medicine & Philosophy, 11: 63-80.

Schaffner, K.F. (1987) Computerized implementation of biomedical theorystructure:

An artificial intelligence approach. A. Fine & P. Machander (eds.), PSA-1986,

Philosophyof Science Association, East Lansing.

Schaffner, K.F. (1993) Discovery &explanation in biology &medicine . Universityof

Chicago Press, Chicago.

Bibliography 173

Schaffner, K.F. (ed.) (1985) Logic of discovery and diagnosis in medicine . University

of California Press, Berkeley.

Schwartz, J.H. (1991) Chemical messengers: small molecules and peptides. In E.R.

Kandel, J.H. Schwartz & T.M. Jessel (Eds.), Principles of Neural Science (pp.

213-224, Ch. 14) New Jersey: Prentice Hall.

Shrager J. & P. Langley (eds.) (1990) Computational models of scientific discovery

and theory formation . Kaufmann, San Mateo.

Simon , H.A. (1996) The Sciences of the Artificial ( 3rd ed.) Ca m bridge: MIT Press.

Solomonoff , R.J. (1964) A Formal Theoryof Inductive Inference, part I. In Inform a -

tion and Control, 7, 1--22.

Swanson , D.R. & Smalheiser , N.R. (1997) An interactive system for finding co m -

plementaryliteratures: a stimulus to scientific discovery. Artificial Intell i -

gence(91), 183-203.

Taatgen, N.A.. (1999). Learning without limits: from problem solving toward a un i -

fied theory of learning . PhD Thesis, Groningen University.

Thagard , P. & Verbeurgt, K. (1998) Coherence as Constraint Satisfaction. Cognitive

science : a multidisciplinaryjournal of artificial intelligence, psychology, and la n -

guage, 22(1), 1-24.

Thagard , P. (1988) Computational Philosophy of Science . MIT-Press, Cambridge.

Thagard , P. (1992) Conceptual revolutions . Princeton UniversityPress.

Thagard , P. (1996) The concept of disease: structure and change. Communication

and cognition : a quarterlyjournal, 29(3-4), 445-478.

Thagard , P. (1998) Explaining Disease: Correlations, Causes, and Mechanisms.

Minds and machines : journal for artificial intelligence, philosophy, and cognitive

science, 8(1), 61-78.

Thagard , P. (1999) How Scientists Explain Disease . Princeton UniverstyPress, New

Jersey.

Timmerman , W. (1992) Dopaminergic receptor agents and the basal ganglia : pha r -

macological properties and interactions with the GABA- ergic system. PhD-thesis,

Groningen University.

Timmerman , W. (1992) Dopaminergic receptor agents and the basal ganglia :

pharmacological properties and interactions with the GABA- ergic system. PhD-

thesis. Groningen University.

Timmerman , W., F. Westerhof, T. van der Wal, B.C. Westerink : 1998, Striatal d o -

pamine-glutamate interactions reflected in substantia nigra reticulata firing. Ne u -

ror e port 9, pp. 3829--3836.

Valdés-Pérez, R.E. (1998) WhySome Machines do Science Well. In working notes

of the International Congress on Discoveryand Creativity, Ghent.

van den Bosch , A.P.M. (Ed.) (1994) De Bestorming van het Brein. Leren en adapt e -

ren in hersenen, geest en computer . Groningen: Studium Generale Groningen.

van den Bosch , A.P.M. (1994) Computing Simplicity, About the role of simplicity in

discovery, explanation, and prediction . Master thesis, Department of Philosophy,

Universityof Groningen.

van den Bosch , A.P.M. (1994) Philosophical anal y sis of the research into anti-

Parkinson medicines with the aid of computational models. In T.A.F. Kuipers &

M. Ter Hark ( Eds.), Aard en achtergrond multi- en interdisciplinair onderzoek in

174 Bibliography

gedrags-, cognitie- en neurowetenschappen (pp. 53-59) Groningen: Department of

Philosophy, section WLK.

van den Bosch , A.P.M. (1995) Discovering Patterns bySearching for Simplicity. In

R. Valdez-Perez (Eds.), Systematic Methods of Scientific Discovery. Papers from

the 1995 AAAISpring Symposium (pp. 166-171) Menlo Park, California: The

AAAIPress.

van den Bosch , A.P.M. (1996) Abductieve Inferentie als primaire cognitie. In G.

Groot, H. Oosterling & A. Prins (Ed.), Van agora tot markt : acta van de 18e N e -

derlands-Vlaamse Filosofiedag, Rotterdam: Faculteit der Wijsbegeerte van de

Erasmus Universiteit Rotterdam.

van den Bosch , A.P.M. (1996a) Learning Abductive Search byAnalogyin ACT-R.

In J. Van den Herik & T. Weijters (Ed.), BENELEARN-96, (pp. 179-188) Maa s -

tricht: MATRIKS/ Universiteit Maa s tricht.

van den Bosch , A.P.M. (1996b) Modeling Scientific Discoveryin ACT-R. In J.A.

Anderson (Ed.), Third annual ACT-R Workshop Proceedings. Pittsburgh: D e -

partment of Psychology, CMU.

van den Bosch , A.P.M. (1997) Rational Drug Design as Hypothesis Formation. In P.

Weingartner, G. Schurz & G. Dorn (Ed.), 20th International Wittgenstein Symp o -

sium, I(pp. 102-108) Kirchberg am Wechsel (Aus): The Austrian Ludwig Wit t -

genstein Society.

van den Bosch , A.P.M. (1998) Qualitative Drug Lead Discovery. In working notes of

the International Congress on Discoveryand Creativity, Ghent, pp. 163--165.

van den Bosch , A.P.M. (1999) Inference to the Best Manipulation - a case studyof

qualitative reasoning in neuropharmacy. In Foundations of Science 4 (4). Special

issue on Scientific Discoveryand Creativity: Case studies and computational a p -

proaches. Guest editors: J. Meheus & T. Nickles. p. 483-495.

Van Eemeren, F. H., & R. Grootendorst. (1992) Argumentation, communication and

fallacies . Lawrence Erlbaum, Hillsdale N.J.

Verhagen-Kamerbeek, W.D.J. (1994) Noradrenergic and Dopaminergic Therapy in

Parkinson´s Disease. PhD-Thesis, Universityof Groningen.

Vermeulen, R.J. (1994) Effects of Dopamine D1 and D2 receptor agonists on motor

behavior of MPTP- lesioned monkeys . PhD-thesis, Vrije Universiteit Amste r dam.

Vos , R. (1991) Drugs looking for diseases. Innovative drug research and the deve l -

opment of the beta blockers and the calcium antagonists . Kluwer Academic Press,

Dordrecht.

Waterson, B. (1988) Weirdos from another planet. Andrews & McMeel, Kansas.

Weeber, M. (2000b) Literature-based Discovery in Biomedicine , PhD-thesis, Gro n -

ingen University.

Weeber, Marc, HennyKlein, Lolkje T. W. de Jong-van den Berg, and Rein Vos

(2000a) Text-based discoveryin biomedicine: The architecture of the DA D-

system. In Proceedings of the 2000 AMIA. Annual Fall Symposiu m. Hanleyand

Belfus, Philadelphia, PA.

Wichmann, T. & DeLong, M.R. (1993) Pathophysiologyof Parkinsonian Motor A b -

normalities. Advances in Neurology, 60, 53-61.

Index

Aliseda-LLera, 51

Al-Khowarizmi, 78

Anderson, J. 5; 59 - 65; 79; 165; 170

Archimedes, 77

Bayes, 87; 88; 90; 91; 92; 93

Bechtel, W., 82; 165

Bernstein, 101

Birkmayer, 105

Carnap, R., 14 - 17; 20; 21; 23; 24; 26

Chater, N., 80; 81; 168

Church, A., 43; 88

Côté, 104

Crutcher, 104

DeLong, 101

Dunbar, K., 28; 166

Flach, P., 51; 166

Fodor, J., 14; 18 - 26; 63; 166

Galileo, 43 - 52; 54; 55; 71; 78

Gingerich, 44

Goldman, A., 60; 84; 166

Hacking, I., 14; 17; 20; 23; 24; 26; 166

Hempel, C., 51

Horn, 110; 137; 166

Hornykiewics, 105

Karp, P., 6; 35; 147 - 150; 160; 167

Kepler, J., 61; 65; 70; 71; 73; 78

Kolmogorov, 87; 89; 90; 92; 93; 168

Kuhn, T., 14 - 17; 20; 22- 26; 78; 167

Kuipers, B., 6; 33

Kuipers, Th. A. F., 6; 32; 35; 55; 124;

128; 152; 155; 167; 168; 169

Lakatos, I., 14; 16; 20; 22 - 26; 168

Langley, P., 59; 70; 82; 87; 88; 93; 94;

165; 167; 168; 169

Laudan, 14; 16 -18; 20; 23 - 26; 168

Li, 88; 89; 90; 91; 92; 93; 168

Newell, 5

Oaksford, M., 80; 81; 168

Ockham, W., 89; 92

Parent and Cicchetti, 32

Parkinson, J., 101

Peirce, C.S., 7; 32; 44 - 55; 66

Pope Urban VIII, 44

Popper, K., 14; 15; 16; 17; 20; 21; 22;

23; 24; 26; 44; 52; 79; 82; 168

Ptolemy, 44; 52

Reichenbach, H., 50

Riley, M., 35; 167

Rissanen, 87; 88; 92; 95

Simon, 5; 59; 65; 87; 167; 168; 169

Smalheiser, 35; 165; 169

Solomonoff, 87 - 92; 96; 97; 169

Swanson, 35; 156; 165; 169

Taatgen, N., xi; 68; 166

Thagard, P., 59; 65; 66; 68; 69; 70; 76;

84; 87; 88; 94; 95; 96; 166; 169

Timmerman, W., 30; 104; 109; 111;

116; 120; 121; 139; 141; 144; 169

Turing, A., 88

Valdés-pérez, R., 28

van den Bosch, A.P.M., 35; 87; 93;

169; 170

Vermeulen, 104; 107

Vitanyi, P., 5

Vos, R., 6; 29; 34; 152 - 155; 168; 170

Wason, 7; 79

Westerink, B., 109; 121; 169

Wichmann, 101

Titles in the ILLC Dissertation Series

ILLC DS-1996-01: Lex Hendriks

Computations in Propositional Logic

ILLC DS-1996-02: Angelo Montanari

Metric and Layered Temporal Logic for Time Granularity

ILLC DS-1996-03: Martin H. van den Berg

Some Aspects of the Internal Structure of Discourse: the Dynamics of Nominal

Anaphora

ILLC DS-1996-04: Jeroen Bruggeman

Formalizing O r ganizational Ecology

ILLC DS-1997-01: Ronald Cramer

Modular D e sign of Secure yet Practical Cryptographic Protocols

ILLC DS-1997-02: Natasa Rakic

Common Sense Time and Special Relativity

ILLC DS-1997-03: Arthur Nieuwendijk

On Logic. Inquiries into the Ju s tification of Deduction

ILLC DS-1997-04: Atocha Aliseda-Llera

Seeking Explanations: Abduction in Logic, Philosophy of Science and Artificial

Inte l ligence

ILLC DS-1997-05: Harry Stein

The Fiber and the Fabric: An Inquiry into Wittgenstein ´ s Views on Rule-

Following and Linguistic Norm a tivity

ILLC DS-1997-06: Leonie Bosveld - de Smet

On Mass and Plural Quantification. The Case of French ` des´/`du´-NP´s

ILLC DS-1998-01: Sebastiaan A. Terwijn

Computability and Measure

ILLC DS-1998-02: Sjoerd D. Zwart

Approach to the Truth: Verisimilitude and Truthlikeness

ILLC DS-1998-03: Peter Grünwald

The Minimum Description Length Principle and Reasoning under Uncertainty

ILLC DS-1998-04: Giovanna d ´ Agostino

Modal Logic and Non-Well-Founded Set Theory: Translation, Bisimulation,

Interp o lation

ILLC DS-1998-05: Mehdi Dastani

Languages of Perception

ILLC DS-1999-01: Jelle Gerbrandy

Bisimulations on Planet Kripke

ILLC DS-1999-02: Khalil Sima ´ an

Learning efficient disa m biguation

ILLC DS-1999-03: Jaap Maat

Philosophical Languages in the Seventeenth Century: Dalgarno, Wilkins,

Lei b niz

ILLC DS-1999-04: Barbara Terhal

Quantum Algorithms and Quantum Entanglement

ILLC DS-2000-01: Renata Wasserman

Resource Bounded Belief Rev i sion

ILLC DS-2000-02: Jaap Kamps

A Logical Approach to Computational Theory Building

( with applications to socio l ogy)

ILLC DS-2000-03: Marco Vervoort

Games, Walks and Grammars: Problems I ´ ve Worked On

ILLC DS-2000-04: Paul van Ulsen

E.W. Beth als logicus

ILLC DS-2000-05: Carlos Areces

Logic Engineering. The Case of D e scription and Hybrid Logics

ILLC DS-2000-06: Hans van Di t marsch

Knowledge Games

ILLC DS-2000-07: Egbert L.J. Fo r tuin

Polysemy or monosemy: Interpretation of the imperative and the

dative-infinitive co n struction in Russian

ILLC DS-2001-01: Maria Aloni

Quantification under Conceptual Covers

ILLC DS-2001-02: Alexander P.M. van den Bosch

Rationality in Discovery: A Study of Logic, Cognition, Computation

and Neur o pharmacology