This research is funded by grant L127251035 from the UK Economic and Social Research Council.

A Socio-Cognitive Engineering Approach to the Development of a Knowledge-based

Training System for Neuroradiology

Mike Sharples, Nathan Jeffery,

School of Cognitive and Computing Sciences,

University of Sussex, Falmer, Brighton BN1 9QH, UK.

Derek Teather, Briony Teather,

Medical Systems Research Group, School of Computing Sciences

De Montfort University, Leicester LE1 3BG, UK.

G eorge du Boulay

(Visiting Professor at the Medical Systems Research Group, De Montfort University)

Insti tute of Neurology, Queen Square, London, WC 1N 3BG , UK.

Email: rad@cogs.susx.ac.uk

Tutoring systems could satisfya demand of manyprofessions for structured casebased training, but to be accepted theyneed to be robust, authoritative and matched to the needs of trainees in the workplace. This paper outlines a methodologyfor the development of knowledge-based training that integrates software, task, knowledge and organizational engineering. It consists of a set of ^building blocks~ that specify the type of activities needed to develop a complete knowledge-based training system, while allowing flexibilityin the choice and ordering of specific design techniques . The approach is illustrated bya project to develop the MR Tutor, a knowledge-based training system for neuroradiology. The building blocks for this project have included an analysis of published studies of c ognitive processes in medical im age interpretation, elicitation and refinement of knowledge from an expert neuroradiologist, workplace studies of radiologytraining and experiments with newtechniques for data visualization. The MR Tutor gives trainee radiologists the experience of observing and analysing a large archive of cases and practice in comparing their interpretations with those of experts. It is based on a structured language for describing abnormal appearance in Magnetic Resonance images of the head, and it uses a novel ^ overviewplot ~ to visualize and interact with the image archive. The development methodologyhas been followed to the stage of implementing a robust integrated system .

1. Introduction

Despite many innovations in artificial intelligenceand medical education in recent years , including tutors derived fromexpert systems, casebased tutors and training via theInternet, computers arestill not widely used for medical training. Our study of UK institutions for radiology training found that noneof themoffer computer-based training as an integral part of thesyllabus. Why has themedical profession been so reluctant to usecomputers to supplement conventional medical training? Is there an approach to softwaredesign that might offer morechanceof adoption by medical trainers? This paper addresses thesequestions, in thecontext of theMEDIATE project to develop a knowledge - based training and diagnostic support system for neuroradiology (the MR Tutor) .

2. Development methodology

Very few projects in AI and education haveput equal emphasis on software, task, knowledgeand organizational engineering. Somesystems havedemonstrated powerful techniques in knowledge representation, but arevirtually unusable. Others haveattractiveinterfaces, but do not address a clear educational need. Yet others meet a well-identified need, but do not fit easily into theclassroomor workplace.

Instead of relying on intuition or received wisdomabout training needs and solutions we have developed a ^building block~ methodology for the design of knowledge-based training and cognitive support systems (seeTable1) that integrates contributions from software engineering, task engineering, knowledge engineering and organizational engineering. To construct a successful integrated system requires all theinterlocking building blocks , but it is not necessary to build systematically fromthebottomup. The development team may work on one ^ pillar ~ , such as knowledge engineering, up to thestageof systemrequirements, or they may develop an early prototypebased on a task analysis but without a systematic approach to software engineering. Each block specifies onetypeof design activity, but how that activity is carried out depends on the particular subject domain and training situation.

Maintain Installed system New task structure Augmented knowledge

New organizational structure

Evaluate Debugging Usability studies Conceptual change, Skill development

Organizational change

Integrate Integrated System

Implement Prototypes,

Documentation

Interfaces,

Cognitive tools

Knowledge representations

Communications,

Network resources

Design Specifications,

Algorithms and heuristics

Interface designs,

Interaction designs

Domain representations,

User models,

Support strategy

Interaction design,

Communication

Support

Interpret System Requirements

Analyse Requirements analysis

Task analysis:

goals, objects, methods

Knowledge elicitation:

concepts , skills

Workplace studies:

practices , interactions

Survey Existing systems Conventional task structure

Domain knowledge Organizational structure

Software

Engineering

Task Engineering Knowledge

Engineering

Organizational

Engineering

Table 1. ^ Building block ~ methodology for socio-cognitive system design

3. Overview of the MR Tutor

The remainder of thepaper describes theMR Tutor and outlines how theMEDIATE project has followed the^building block~ method in developing thesystem. Each section of thepaper covers one pillar of themethod, describing themethods and outcomes. Companion papers [1][2] cover aspects of the system design in more detail.

Figure1 shows theinterfaceto thecurrent MR Tutor. The purposeof thesystemis to supplement professional training in neuroradiology by offering computer-based tutoring based on a structured casearchive. The main features of thesystemaredescribed herein brief, to providean introduction to its design and function.

Thescreen is divided into two halves. Theright sideof thescreen allows thetraineeto interact with theimagearchive. TheTutor provides an visual overview of a pathology, as an ^overview plot~ shown on t hebottomright of thedisplay. Thetraineecan select a caseto examineby clicking on a point which is then lit up on theoverview plot. Theassociated stack of images then appears in the paneat thetop right of thescreen. A control panel enables thetraineeto moveup and down theslices and to ^window~ an imageby adjusting its grey levels. Thetraineecan then call up similar cases, and moreor less typical ones, by selecting other appropriatepoints on theplot. Slices can bedragged to the^gallery~ below themain imagepane. Thetutor also provides a magnifier, as a separatewindow showing an expanded section of an image.

Theleft half of thescreen is theinterfaceto thetutoring component. Either thetraineeor the systemcan select a casefor tutoring (a ^target case~) and this is indicated on theoverview. The target images can beviewed and windowed as for thereferenceimages, and thetraineecan make visual comparisons between thetarget caseand any referencecases. Thetraineethen describes the target caseby selecting terms frompop-up menus of imagefeatures and their descriptors. Thesystem gives a short confirming or remedial message each timethetraineecompletes a section of the structured description. A typical response is shown in Figure 1 , in the pane above the menus.

When thedescription is complete, theTutor shows the expert´s description of thecasealongside thetrainee´s in themenu window. It also generates a point on theoverview plot corresponding to the trainee´s description, so that thetraineecan makecomparisons with thetarget point indicating the expert´s description of thecase. It shows, for example, whether thetrainee´s description is moreor less typical than the expert description, or if it is close to other cases.

Figure 1 . The interface to the current version of the MR Tutor

4 . Software Engineering

4 .1 Software Survey and Analysis

Wecan describe existing computer-based training systems for radiology in terms of a spectrumfrom teacher-led to learner-directed, with themain types being: computer-assisted instruction, simulations, case-based tutoring and diagnostic support, and reference aids.

An exampleof computer-assisted instruction is MITS, theMedical ImageTeaching System [3]. A typical MITS lesson presents oneor moreimages, a question asking thetraineeto identify abnormalities, and a list of possibleanswers. A computer-assisted instruction systemis limited by its inability to know what it is teaching. It cannot engagethestudent in a discussion of theimages beyond what has been anticipated by theprogrammer, nor can it track a student´s developing expertise, to respond in a style and detail that matches the learner´s current understanding.

Referenceaids overcomesomeof thelimitations of computer-assisted instruction by providing passiveresources rather than activeteaching. Typically they allow thetraineeto browsethrough a library of images indexed by pathology or by a freetext description . They offer a useful adjunct to human or textbook teaching, but theannotations and description associated with theimages do not forma systematic representation of knowledge, that could beused to answer complex student queries or provide a knowledge base for computer-assisted training.

Simulations address other pedagogic limitations of computer-assisted instruction, by providing an exploratory environment rather than a lesson. This may rangefroman emulation in softwareof a pieceof medical equipment such as an MRI scanner, to a virtual patient on which thestudent can performtests or surgery. Simulations can bepowerful aids to learning, but a simulation alonedoes not provide teaching or direct cognitive support.

Few activeknowledge-based tutors havebeen developed. TheCT Brain Tutor developed at the

Medical Collegeof Georgia [4] trains radiology residents to diagnosebrain tumours fromCT and

MRI scans. It is composed of threemodules: CaseRetrieval, Teach Me, and Atlas. TheCase

Retrieval modulepresents images froma library of 120 cases indexed by casehistory and radiological features. Theindicativefeatures arepathology based (`tumour´, `oedema´,

`calcification´) and do not forma comprehensiverepresentation of knowledgeabout images. Teach

Meis an educational programto assist a traineein memorising thepresented tumour pattern. It has a series of windows displaying a section of normal brain, brain with tumour, coloured features of tumour superimposed on thepathological images, a textual description of thefeatures and a colour key. TheAtlas moduledisplays ninesections of normal brain, with detailed explanations of visible anatomical structures. TheCT Brain Tutor shows thepotential of activeknowledge-based tutoring, but it has a limited knowledge representation and range of tutoring strategies.

TheRadiology Tutor [5] generated Socratic tutorials about theappearanceof chest X-rays. It was ableto conduct a sophisticated dialoguewith a traineein natural languagebut was constrained by its limited natural language understanding, being only able to parse a limited subset of English.

RUI [6] is a generalisation of theRadiology Tutor into a general-purposeauthoring shell. Its

Specification Tool enables a domain expert along with a programmer to enter knowledgeof an imaging modality. TheImageDescription Tool can beused by theradiologist aloneto annotateand describea databaseof images. TheLearning Tool calls on theknowledge-baseand annotated images to automatically generatetutorial dialogues. Demonstration tutors havebeen implemented in RUI for

MR, CT, Ultrasound and X-ray.

RUI and theRadiology Tutor takea conventional Intelligent Tutoring Systems approach to training, with thesystemacting as a simulated human teacher. An initial analysis of requirements for theMR Tutor has shown that theprimeneed is not for a tutor with deep knowledgebut limited scope for learning. What trainees most requireis an extensivearchiveof well-indexed cases, with powerful tools for browsing and image visualisation, accompanied by an unobtrusive tutor.

4 .2 Software Design and Implementation

Thus, wehaveconcentrated on providing tools for a traineeto visualisethespread of cases within a pathology, to comparepathologies, and to access and comparecases by their similarity and typicality of appearance. Thecurrent MR Tutor offers a `lightweight´ tutor. Thetraineecan chooseany case for tutoring, can suspend theteaching at any timeto moveto another case, and can interleave teaching with browsing through the archive.

Our general approach to software engineering has been to construct a series of demonstrator systems, including a mock-up in SuperCard, a fully functioning systemin HipWorks (a multimedia development environment under UNIX) and restricted versions to test innovations, such as a rulebased tutor, and demonstrations of interfaces for displaying overviews of thecases. This cycleof iterative`off-linesystemdevelopment´ ensures that a number of new designs can bethoroughly tested in parallel before they are incorporated into the main system.

Wehaveadopted, fromtheWriter´s Assistant project, theapproach of `provableneed´. Any new addition to thesysteminterfaceor functionality must beshown to address some explicit need of radiology trainers or trainees. Thus, an image`magnifying lens´ was only added when it becameclear fromtrials that this was demanded by theradiologists. Theaimto producea systemwith an uncluttered interfaceand functions that meet theneeds of training rather than just demonstrate programming skills.

5 . Task Engineering

5 .1 Task Survey and Analysis

Wehavenot yet carried out a thorough task analysis of radiological interpretation, but wehave drawn on studies conducted by Lesgold and colleagues [7]. They observed noviceand expert radiologists as they examined and marked up X-rays whilethinking out loud. Lesgold et al. propose that radiologists carry out a multi-stageprocess of interpretation. On first seeing a filmthey automatically invokea mental schema that covers thesalient features, resulting in oneor more tentativediagnoses. This triggers a cognitiveprocess of activesearch for other cues in theimage along with casedata and biomedical knowledgethat might constrain theinterpretation. Lastly, they articulate their findings as a verbal report.

Azevedo and Lajoie [8] havestudied theteaching of radiology in Canada by observing and videotaping a teaching round involving a staff member and residents at Montreal General Hospital.

They found that theradiologist typically ^walked~ a junior resident through theinterpretation process. For morecompetent residents, theradiologist ^scaffolded~ their interpretation process by providing hints and directions as to whereto direct attention. On occasion theradiologist articulated her reasoning process beginning with assignment of probability to pathological features, followed by thesystematic elimination of differential diagnoses, until shereached a definitivediagnosis. This account of rapid perceptual analysis followed by hypothesis-driven reasoning to reject and confirm competing diagnoses fits with Lesgold´s account of the reasoning processes of an expert radiologist.

Thesestudies havesomelimitations as a foundation for thedesign of theMR Tutor. They were conducted with chest X-rays and thefindings may not transfer over to themorecomplex area of MR imaging of thehead. They do, however, match thedescriptions of theprocess of interpretation and training provided by our own informal discussions with consultant radiologists.

5 .2 Task Design and Implementation

The implication of thetask studies for systemdesign is that a computer-based tutor for radiology should support themulti-stageprocess of interpretation, by allowing a traineeto makea rapid initial interpretation and then assisting in theprocess of searching for other salient cues in theimage. The systemshould also scaffold theprocess of interpretation by offering hints and directions, and should be able to articulate the stages of diagnosis.

Thecurrent systemsupports themulti-stageprocess of interpretation by enabling thetraineeto scan rapidl y through theset of images associated with the target case, and to makerapid visual comparisons between target images and ones fromthearchive. Then, thesystemguides thetrainee through a structured description of thecase, with thesystemrecording each student action and giving tutorial responses. It also provides extensivescaffolding. A context-dependent help systemoffers a definition or illustration of terms used by thesystem, to help thetraineeto enter a full and accurate description. As thetrainee enters a description of a target case, by moving themouseover a menu of descriptors (e.g. theterms for ^major location~ shown in Figure1 ), thesystem^lights up~ thepoints on theoverview plot corresponding to cases in which thefeatureis present. This shows at a glance theposition of thecasebeing tutored relativeto thosewith a particular feature. An aimfor thefuture is to gradually removethescaffolding as thesystemdetects that thetraineebecomes morecompetent, but this aspect of the system has not yet been implemented.

Themain innovation in interface design is the ^ overview plot ~. Thestatistical techniqueof multiplecorrespondencea nalysis is applied to a structured description of each caseto producea 2- dimensional plot showing thedistribution of cases for a pathology, such that typicality and similarity can beread directly fromthedisplay. Thenearer a caseis to thecentreof thedisplay, themoreit is typical of thepathology (a function of thenumber of features it shares with other cases). The similarity of any two cases is shown by thedistancebetween their two points . Thetrainee can call up an individual caseand view its stack of images b y clicking on its marker point. Two or more pathologies can beoverlaid on thesameplot, giving a powerful way of indicating ^difficult to diagnose~ cases on the border between pathologies .

Themethods for deriving, displaying and interacting with theoverview plot arequitegeneral and can beapplied to any binary data forming a multidimensional space. For example, it could beused as a general method for visualising and interacting with a picturelibrary, a databaseof topics for selfstudy, or a concept map, providing that each picture, topic or concept has been marked up in advance with a structured description of its content.

6 . Knowledge Engineering

6 .1. Knowledge Survey and Analysis

Theability of training institutions to build archives of teaching material is hindered by thefact that thereis no agreed terminology for describing radiographic images. Although standard terminologies arewidely used for diseasecategories and anatomical structures, thereis no similar languageto describeabnormal appearance. E ach radiologist uses different descriptiveterms, or worse, similar terms with different meanings.

Although thereis no standard method of describing abnormalities, thereis widespread agreement on theneed to develop a morestructured approach to reporting, so that radiologists can exchange findings in an agreed languageusing terms that havebeen precisely defined. Thevalueof a standardised description languagefor images has been widely recognised in theliteratureof clinical radiology.

6 .2 Knowledge Design and Implementation

A collaborativeresearch project between theMedical Systems Group, DeMontfort University, and theInstituteof Neurology, London, has developed and validated an imagedescription language(IDL) for MR images of thehead for a widerangeof imagesequences. Thelanguagedescribes the appearanceof theimages rather than theunderlying pathology (although theappearanceis influenced by thepathology) . Theterms areunderstandableto neuroradiologists (for example, ^overall appearanceof lesion, homogeneous~, ^lesion margin, graded~, ^location, cerebral whitematter~) and aresupported by precisedefinitions or, in thecaseof subjectiveterms such as shape, by indicative examples.

TheIDL offers a sound basis for indexing thecases, and theMEDIATE proje ct now has an archiveof some12 00 cases fully described using theterms of thelanguage. Thearray of feature descriptors for each caseprovides a knowledgebaseboth for thetutorial responses and for automatic construction of theoverview plot. TheIDL defines a multi-dimensional featurespace, where each dimension represents onefeaturevalue(e.g. ^lesion sizelarge~) with two states, present or absent.

Thedescription for each caserepresents a singlepoint in thefeaturespace. To computetheoverview plot, themultiplecorrespondenceanalysis algorithmprojects this multi-dimensional featurespace down onto a two-dimensional surface, such that thedata points indicating thecases aremaximally spread out over thesurfaceand that theplot gives a direct indication of thetypicality and similarity of cases.

Thedomain knowledgefor theIDL has been elicited froma single expert, who has also described each casein thearchive. Although eliciting knowledgefroma single expert is not recommended as a basis for developing expert systems, webelievethis is an appropriatemethod for radiology training wherethereis no standard approach to reporting and where each radiologist has a different terminology. Themost important requirement is to givean operational definition of each termand to validate the IDL, so that the trainee is acquiring a precise and comprehensive terminology .

7 . Organizational Engineering

7 .1. Organizational Survey and Analysis

Wehavetaken a four- level approach to conducting workplacestudies, with each level illuminating thepracticeof radiology training, and also giving a framework and issues to beaddressed for thenext level. Level one, which is now complete, involved collecting coursematerial frominstitutions such as theRoyal Collegeof Radiologists and carrying out telephoneinterviews with radiology lecturers, to gain an overview of radiology training throughout theUK. Level two is a study of teaching practice through observation of teaching sessions. Level three will consist of interviews with radiology trainers and trainees, to uncover their conceptions of thework and to discover issues, such as teaching problems and current useof technology, that can indicatehow a computer-based training systemcould besituated within current training practice. For the fourth level weshall carry out heuristic evaluations of versions of theMR Tutor with radiology staff and trainees as it is revised for use in everyday training. The findings reported in this section are from the level one study.

New technology forms an integral part of modern medicine. In radiology, thenew modalities of

Computerised Tomography (CT) and Magnetic ResonanceImaging (MRI) captureimages digitally, under computer control. Theinstitutions wesurveyed all providepersonal computers for theuseof registrars, and all havepurchased CDROMS or laser disk referencesystems with databases of medical images. Wefound no general hostility towards computer technology. Thereare, however, specific reasons why the radiology profession is reluctant to embrace computer-based training.

First, most consultant radiologists within non-digital departments prefer to interpret fromfilm

(rather than filmscanned into digitised images) as it provides a high level of detail and allows multipleimages to beviewed alongside each other. However, someconsultants working in departments with direct digital capturesuggest that digital images arebetter for interpretation as they offer flexibility in adjusting display parameters such as contrast and brightness. Second, radiologists aresuspicious of thequality of information provided by computer-based systems. For example, none of theinstitutions wesurveyed usemultimedia atlases, in part because these do not yet havethe authority of text-based atlases by renowned authors. Third, thestyleand format of training varies considerably depending on thetrainee´s level of ability. Lectures and tutorials forma small part of thetraining of radiologists. Most learning comes through clinical experienceand apprenticeship in the reporting of cases. Self study also forms a major part of training on somecourses, with oneday a week being devoted to self study and a further 2-3 hours a night expected.

7 .2 Organizational Design and Implementation

It is clear that an important factor influencing theacceptanceof thesystemis its perceived authority.

This governs the entiredesign. Theinterfaceshould givethegeneral impression of a robust medical systemand it should employ interfaceobjects, such as controls for windowing theimages, consistent with thoseon standard radiology equipment such as MRI consoles. Theterminology throughout should beappropriateto theprofession of radiology, and also signify theknowledgeof a respected authority in thefield. Theteaching strategy should mesh with thecasesessions that formthemajor part of a radiologist´s training.

Themost appropriatesetting for computer-based training in radiology is as part of self-study. The traineeis working alonewithout thedistraction of casemeetings or ward rounds, and has access to supplementary material. This means, however, that thesystem must beself-contained and available on a personal computer. Any queries fromthetraineemust either beanswered by thesystem, or by remoteaccess to a human tutor, or thecontext of thequery must besaved so that thetraineecan ask a tutor at a later time. We are investigating all three methods of giving supplementary advice.

Thegreat advantageof a personal systemis that it can beintegrated with other learning and diagnostic tools, to providecontinuing support for diagnosis, research and professional development.

A consultant radiologist, for example, might usethesystemto createa personal archiveby reporting new cases in thestructured languagewhich could then beindexed via theoverview plot and compared with the existing cases.

8 . System Integration and Evaluation

Theindividual pillars of software engineering, task engineering, knowledge engineering and organizational engineering underpin thedevelopment of a knowledge-based multimedia training system, but they need to belinked together into, first, a set of systemrequirements and, second, an integrated system. In developing theinitial systemwehavebeen guided mainly by theneed to provide an authoritative representation of knowledge and an elegant and intuitive interface.

Thecurrent prototyperuns on personal computers under Linux. On a 133MHz Toshiba Tecra laptop theresponseis almost instantaneous, thereis no appreciabledelay in retrieving images from disk or in receiving a tutorial responsefromthesystem. An initial formative evaluation of thesystem shows that themain functions can belearned in less than 10 minutes, that radiologists engagewith the case tutorials, and that they find the overview plot a powerful aid to learning.

9 . Conclusions

Therewould appear to beno theoretical or practical reasons why computer-based training should not bewidely adopted in medicine, but wearguethat designers of such systems haveconsistently underestimated thedifficulties. Thedevelopment of successful knowledge-based multimedia systems for training in theprofessions does not just involveimaginativeprogramming and extensive knowledge elicitation. Thesystem must bedesigned to fit into theworkplaceand thescheduleof a busy trainee. It should havetheauthority of a good textbook, but should supplement rather than replacebook learning. It should bebased on sound cognitiveand social theories of tutoring, skill acquisition and professional development. Most of all, to stand a chanceof being accepted as an integral part of professional training it needs to bedeveloped through closecollaboration between domain experts, trainers, systemdesigners and instructional designers. In this paper wehaveset out a general methodology for developing knowledge-based training systems and shown how it has guided the design of a multimedia system for training in neuroradiology.

10 . References

[1] M. Sharples, B. du Bo ulay, D. Teather, B. Teather , N. Jeffery, and G.H. du Boulay, The

Cognit iveBasis for an MR ImageTutor. Proceedings of East-West Conference on Computer

Technologies in Education, Part 1 , The Crimea, 1994, pp. 214-219.

[2] M. Sharples, B. du Boulay, D. Teather, B.A. Teather, N. Jeffery, and G.H. du Boulay, TheMR

Tutor: Computer-B ased Training and Professional Practice. Proceedings of World Conference on

Artificial Intelligence and Education (AI-ED 95), Washington DC, 1995 pp. 429-436.

[3] H.I. Goldberg, S. Fell, H.J. Myers, and R.C. Taylor, A Computer-Assisted InteractiveRadiology

Learning Program , Investigative Radiology , 25 (1990) 947-951.

[4] R.T. Macura, K.J. Macura, V.E. Toro, E.F. Binet, J.H. Trueblood, and K. Ji , Computerized

Case-based Instructional Systemfor Computed Tomography and Magnetic ResonanceImaging of

Brain Tumors, Investigative Radiology, 29, 4 (1994) 497-506.

[5] M. Sharples, TheRadiology Tutor: Computer-based Teaching of Visual Categorisation. In D.

Bierman, J. Brueker & J. Sandberg (eds.) Proceedings of 4th International Conference on AI and

Education , IOS Press, Amsterdam, 1989, pp. 252-259.

[6] A.I. Direne, Methodology and Tools for Designing Concept Tutoring Systems. Proceedings of

World Conference on Artificial Intelligence and Education (AI-ED 93), Edinburgh, 1993, pp. 55-58.

[7] A. Lesg old, H. Rubinson, P. Feltovitc h, R. Glaser, D. Klopfer, and Y. Wang , Expertisein a

Complex Skill: D iagnosing X-ray Pictures. In : M. Chi, R. Glaser, & M.J. Farr (eds.), The Nature of

Expertise, Lawrence Erlbaum Associates , Hillsdale, N.J. , 1988, pp. 453-494 .

[8] R. Azevedo and S.P. Lajoie, Learning Styles Un derlying Radiological Expertise . Project Safari

Report 005 . McGill University , 1995 .