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1. Eine Standortbestimmung  
Modelle und Simulationen gehören, sowohl bei der Entwicklung und Optimierung 
technischer Prozesse, als auch bei den technischen Anteilen der Produktentwicklung, 
seit langem zum Methodeninventar der Ingenieure. Die zunehmende Komplexität 
industrieller Prozesse sowie die damit verbundenen steigenden Anforderungen bei 
der Bedienung der Artefakte mit denen diese Prozesse gesteuert werden erfordern 
jedoch eine zunehmende Orientierung an den Möglichkeiten und Grenzen des 
menschlichen kognitiven Systems, in anderen Worten, die adäquate Berücksichti-
gung des human factor. Der damit einhergehende Paradigmenwechsel hin zur sys-
temtechnischen Betrachtungsweise des Gesamtsystems aus Mensch und Maschine 
(vergleiche Mensch-Maschine-Systemtechnik; Timpe, Jürgensohn & Kolrep 2002) 
gilt in vergleichbarer Weise auch für Fahrzeuge, Luftfahrzeuge oder Konsumproduk-
te wie Mobiltelefone oder �Persönliche Digitale Assistenten� (PDA). Dennoch wird 
Modellierung und Simulation für den Bereich des menschlichen Verhaltens innerhalb 
eines Mensch-Maschine-Systems, beispielsweise zur Verbesserung der Mensch-
Maschine-Interaktion noch vergleichsweise wenig eingesetzt.  

Ziel des Artikels ist die Identifizierung potentieller Barrieren eines solchen Einsatzes 
und das Aufzeigen von Maßnahmen zu deren Überwindung. Gegenstand der Be-
trachtung ist sowohl die aktuelle betriebliche Praxis und die derzeitigen Randbedin-
gungen des Einsatzes von Modellierungs- und Simulationsmethoden, als auch die 
Weiterentwicklung dieser Methoden an Universitäten und außeruniversitären For-
schungseinrichtungen. Des Weiteren werden Anforderungen abgeleitet und der Ent-

                                                 
1 Dieser Artikel basiert im Kern auf Ergebnissen des Arbeitskreises �Transparenz gestalten � Einsatz 
von Modellierung und Simulation in Mensch-Maschine-Systemen� der 4. Berliner Werkstatt Mensch-
Maschine-Systeme.  
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wicklungsbedarf in Bezug auf Theorien, Modellierungsmethoden und Simulations-
werkzeugen definiert.  

2. Modellierung, Simulation, Modell 
Unter Modellierung (synonym zu Modellbildung) soll im Folgenden die Erstellung 
eines vollständigen formalen und ablauffähigen Modells eines technischen und/oder 
kognitiven Prozesses verstanden werden, während Simulation (oder auch Simulati-
onsexperiment) das �Laufenlassen� eines solchen Modells bezeichnet. 

Ein Modell eines Systems wird aufgrund eines konkreten Bedarfs, der Problemstel-
lung (s. Abbildung 1), entwickelt. Über ein konzeptionelles Modell (Norman 1983), 
das möglicherweise auch nur implizit, d.h. im Kopf des Modellierers, bei der Formu-
lierung eines konkreten formalen Modells vorhanden ist, wird ein mathematisches 
Modell erzeugt. Der Modellzweck liegt zumeist nicht nur in der Beschreibung des 
Systems, beispielsweise zur Dokumentation oder um sicher darüber kommunizieren 
zu können. Stattdessen sollen Simulationsexperimente einen Einblick in das Verhal-
ten unter bestimmten gegebenen Bedingungen ermöglichen. Dazu muss eine ablauf-
fähige Version dieses Modells z.B. in Form eines Computerprogramms entwickelt 
werden, mit dem in Simulationsläufen Ergebnisse auf der Basis wirklichkeitsanalo-
ger Prozesse generiert werden können. Aus Abbildung 1 wird weiterhin deutlich, 
dass es sich bei der Modellierung um einen rückgekoppelten Prozess handelt, bei 
dem die Überprüfung und Interpretation der Ergebnisse eines Arbeitsschrittes mögli-
che Nachbearbeitung erfordern. Insbesondere durch die Auswirkungen der Simulati-
onsergebnisse auf die Problemstellung ist die Modellierung in der Regel ein zykli-
scher Prozess. 
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Abbildung 1: Modellbildung und Simulation (nach Bub & Lugner 1990). 

Doch wie kann dieser Prozess genutzt werden, um beispielsweise die Systemtranspa-
renz in einem Mensch-Maschine-Systemen zu erhöhen? Bereits in sehr frühen Pha-
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sen des Entwurfs technischer Systeme wird � gewollt oder ungewollt � festgelegt, 
wie transparent sich das System darstellen wird. Selbst wenn dem Entwickler die 
Wirkungen von Veränderungen am technischen (Teil-)System auf dessen zukünfti-
ges Verhalten bekannt sind, so ist dieses Wissen noch nicht ausreichend, um das zu-
künftige Verhalten des gesamten Mensch-Maschine-Systems zu prognostizieren. 
Durch Veränderungen des technischen Teilsystems werden die an die Bediener ge-
richteten Anforderungen, die zum Funktionieren des Gesamtsystems erforderlich 
sind, ebenfalls verändert. In frühen Phasen des Entwurfs wird ohne Hinzuziehen ex-
pliziter Modelle menschlichen Verhaltens das Gesamtverhalten des zukünftigen Sys-
tems daher möglicherweise falsch eingeschätzt. Dies kann zu falschen Entscheidun-
gen bei der grundsätzlichen Systemauslegung führen, deren Effekte dann im weiteren 
Entwicklungsprozess möglicherweise noch kompensiert, aber nicht mehr beseitigt 
werden können.  

Für die Simulation solcher Menschmodelle gibt es sehr unterschiedliche Problemstel-
lungen, welche die Modellierung beeinflussen und zu einer Vielzahl von sich ergän-
zenden Ansätzen führen. Es können deskriptive Modelle der Physiologie von Bedie-
nern, der kognitiven Vorgänge von Benutzern oder auch normative Modelle von 
Arbeits- oder Bedienabläufen eingesetzt werden, um Fragen der Systemgestaltung zu 
beantworten. Oft steht die Frage nach Bedienfähigkeiten oder Kapazitätsgrenzen im 
Vordergrund der Systemgestaltung, um den Möglichkeitsraum denkbarer System-
entwürfe einzugrenzen.  

3. Erfahrungen beim Einsatz von Menschmodellen 
Dieser Abschnitt umfasst eine Sammlung von Erfahrungen und best practices beim 
Einsatz von Menschmodellen in der Mensch-Maschine-System-Forschung im 
deutschsprachigen Bereich. Sie ist als Ergänzung zu den in diesem special issue ver-
tretenen Artikeln zu sehen. Die Sammlung orientiert sich an den Ergebnissen des 
Arbeitskreises �Transparenz gestalten � Einsatz von Modellierung und Simulation in 
Mensch-Maschine-Systemen� der 4. Berliner Werkstatt Mensch-Maschine-Systeme 
(Kindsmüller, Leuchter & Urbas 2002) und wurde um neuere � im Wesentlichen auf 
der 5. Berliner Werkstatt Mensch-Maschine-Systeme (Steffens, Thüring & Urbas 
2004) vorgestellte � Ansätze ergänzt. Ziel ist die Darstellung der Gemeinsamkeiten 
aber auch der Heterogenität und Vielschichtigkeit der Ansätze, ohne dass ein An-
spruch auf Vollständigkeit erhoben würde. Ergänzend zu den  

Explizit nicht enthalten sind Ansätze, die sich auf rein physische Mensch-Modelle 
beziehen. Einen Überblick zum Thema physische Mensch-Modelle liefern die Ta-
gungsbände zur Digital Human Modeling Conference (z.B. DHMC 2002). 

Produktion: Tätigkeitsabläufe in autonomen Produktionszellen wurden durch Beo-
bachtung und mit Hilfe von Interviews erhoben. Die so entstandene Aufgabenbe-
schreibungen wurden mit gefärbten Petrinetzen (Jensen 1998) formalisiert und zum 
Softwareentwurf herangezogen. Um in den frühen Phasen der Modellierung einen 
Überblick zu gewinnen, wurden UML-Modelle (unified modeling language) (Jacob-
son, Booch & Rumbaugh 1999) verwendet. Formalisierung und Simulation erfolgten 
rechnergestützt. Papiermodelle wurden in Diskussionen und zur Ableitung von An-
forderungen herangezogen. Mit den verwendeten Formalismen und Werkzeugen 
konnte bei Modellen begrenzter Komplexität über gute Erfahrungen berichtet werden 
(Reuth, Künzer, Boldt Schmidt, Luczak & Murrenhoff 2002). 
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Streckenflugkontrolle: Mit dem Ziel, die komplexen mentalen Prozesse von Flug-
lotsen zu beschreiben, wurde aufgrund von Verhaltensdaten, die mit Experimenten 
gewonnen wurden, ein Modell in ACT (adaptive control of thought) (Anderson & 
Lebiere 1999) entwickelt. Die initiale Erstellung der Modells erfolgte zunächst aus 
weitgehend grundlagengetriebenem Erkenntnisinteresse: �die Instrumente der Kogni-
tionsforschung auf die Spitze treiben�, also ohne explizite Anwendungsorientierung. 
Erst im Nachhinein wurden Simulationen des Modells im Lotsentraining (Leuchter 
& Jürgensohn 2000) und zur Gestaltung von Unterstützungssystemen angewendet 
(Niessen & Eyferth 2001).  

Avioniksysteme (1): In sehr sicherheitskritisch Bereichen wie Avioniksystemen ist 
es unbedingt notwendig die Bedienbarkeit von Mensch-Maschine-Schnittstelle zu 
optimieren. Ein Ansatz der Optimierung besteht darin Bedienungsfehler nachzuvoll-
ziehen beziehungsweise vorherzusagen. Dazu wurde ein Modell mit Mittel-Ziel-
Regeln in Prolog realisiert (Lüdtke & Möbus 2002) und um eine Komponente, die 
das psychologische Konstrukt �gelernte Sorglosigkeit� (Frey & Schulz-Hardt 1996) 
realisiert, ergänzt (Lüdtke & Möbus 2004). Simulationsexperimente des Modells, das 
als Kern den fehlerproduzierenden Lernprozess (gelernte Sorglosigkeit) implemen-
tiert, können die empirisch gefundenen Fehler (Kontrollstrukturverletzungen) sehr 
gut vorhersagen. Die Güte des Pilotenmodells ist für den zukünftigen Einsatz als 
Werkzeug zur Unterstützung beim Design interaktiver Systeme bereits ausreichend 
um zu untersuchen welche Bedienkonzepte der Gefahr unterliegen durch �gelernte 
Sorglosigkeit� unzulässig modifiziert zu werden. 

Kleine interaktive Geräte: Zur Abschätzung von Bedien- und Lernzeiten kleiner 
interaktiver Geräte mit beschränkter Komplexität (wie beispielsweise Mobiltelefone, 
CD-Player etc...) werden während der Softwareentwicklung Systemspezifikationen 
semiautomatisch in GOMS-Modelle (Kieras 1999) überführt mit deren Hilfe die Be-
dienung modelliert wird. Dazu steht das rechnergestützte Werkzeug TREVIS (Mar-
renbach, Maaßen & Kraiss 2000) zur Verfügung. Im Rahmen der GOMS-Theorie 
und deren Beschränkungen konnten sehr gute Erfahrungen mit der frühzeitigen Eva-
luation von Prototypen-Spezifikationen gewonnen werden. Mit den gleichen Metho-
den wurden elektronische Bedienungsanleitung erfolgreich bewertet (Hamacher, 
Marrenbach, Zieren & Kraiss 2002). 

Chemische Prozessführung: Modelle von Anlagenbedienern in der chemischen 
Prozessindustrie sollen in Trainingssystemen eingesetzt werden, um Strategien zum 
Umgang mit nebenläufigen Zielen und Aufgaben sowie zum Umgang mit Zeitkon-
stanten und anderen Eigenarten, die aus der Dynamik der Aufgabe erwachsen, zu 
einzuüben. Die Modelle von erfahrenen Bedienern liefern im Sinne eines Unterstüt-
zungssystems normative Daten über situationsabhängige Gedächtnisinhalte und kog-
nitive Vorgänge zur Adaption einer Trainingssimulation an die jeweiligen Trainees 
(Leuchter & Urbas 2002). Ein wesentliches Merkmal bei der Modellierung solcher 
Vorgänge ist der Umgang mit Zeitdauern. Untersuchungen der MoDyS-Gruppe zei-
gen, dass die Wahrnehmung und Verarbeitung von Zeitdauern von der kognitiven 
Beanspruchung bei der Bedienung abhängen (Schulze-Kissing et al. 2003). Entspre-
chend wird gegenwärtig an einer Erweiterung der kognitiven Architektur ACT-R/PM 
um eine entsprechende Zeitdauerverarbeitung gearbeitet. Mit dieser für die Modellie-
rung von polytelischen Aufgaben wesentlichen Erweiterung wird sowohl ein Schedu-
ling paralleler Aufgaben mit Zeitdauerbedingungen (z.B. Streckenflugsicherung), als 
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auch die Modellierung übergeordneter zeitdauerbasierter Aufgaben (insbesondere in 
der Prozesskontrolle in chemischen Anlagen) möglich. 

Effiziente Modellerstellung: Um eine ingenieurmäßige Bedienermodellierung in 
Mensch-Maschine-Systemen zu gewährleisten, werden gegenwärtig Anstrengungen 
unternommen, die Wiederverwendbarkeit von Teilmodellen zu erhöhen und bessere 
Werkzeuge für die Modellerstellung und �interpretation zur Verfügung zu stellen. 
Die Wiederverwendbarkeit von Teilmodellen wird durch den sogenannten Compila-
tion-Ansatz verbessert: Einfachere Modelle, wie sie z.B. direkt aus einer Aufgaben-
analyse in GOMS vorliegen, werden durch die Anwendung von komplexen Trans-
formationsregeln in Modelle mit einer weitergehenden Aussagekraft z.B. in ACT-
R/PM transformiert (z.B. simple-act: Salvucci & Lee 2003). Eine andere Möglich-
keit, die Wiederverwendbarkeit zu erhöhen ist die Bereitstellung von Teilmodellbib-
liotheken. Das von der MoDyS-Gruppe entwickelte agimap-System bietet eine Pro-
grammieroberfläche für die bibliotheksbasierte Modellierung der Informationsverar-
beitung in displaygestützten Schnittstellen (Leuchter & Urbas in Druck). Während es 
für die Visualisierung von kognitiven Simulationen bereits einige Werkzeuge gibt 
(z.B. CaDaDis: Tor et al. 2004), ist die Visualisierung von Programmen in diesem 
Bereich völlig unbekannt. Aktuelle Arbeiten in der MoDyS-Gruppe zielen auf die 
Visualisierung der Kontrollflüsse in ACT-R-Modellen ab, um den Modellierungs-
prozess softwaretechnisch zu unterstützen und die Interpretierbarkeit fremder Model-
le zu verbessern.  

Prozessführung (Mikrowelt CAMS): Ziel der Modellierung mit Hilfe gefärbter 
Petrinetze (Jensen 1998) war eine Optimierung der Aufgabenallokation zwischen 
Mensch und Maschine, um so über eine Reduzierung der Belastung die Wahrschein-
lichkeit des Auftretens menschliche Fehlleistungen zu senken (Werther 2004). Dazu 
wurde zunächst ein normatives Ressourcenmodell erstellt. Das Modell wird derzeit 
so weiterentwickelt, dass quantitative Bewertungsmetriken für mentale Belastung 
und situation awareness (Endsley 1995) so wie Interferenz- und Konkurrenzeffekte 
bei Mehrfachaufgaben abgeleitet werden können. Der Einsatz gefärbter Petrinetze 
erlaubt die Modellierung eines Mensch-Maschine-Systems als Ganzes. Die graphi-
schen Darstellungsmöglichkeiten des Ansatzes erleichtern Verständnis und Kommu-
nizierbarkeit des Modells. 

Avioniksysteme (2): Zur Onlinediagnose von Flugführungsaufgaben zur Anwen-
dung in Trainingsystemen wurde mit Hilfe von Data-Mining-Methoden ein Klassi-
fiktor erstellt, der für einzelne Flugabschnitte die Güte der gewählten Trajektorie 
beurteilt (Mehl & Köster 2004). Der Klassifikator erlaubt die Identifikation der, für 
die Wahl einer optimumnahen Trajektorie, ursächlichen Parameterausprägungen auf 
der Basis von insgesamt 16 Variablen. Ein Vergleich der vorhergesagten Parameter-
ausprägungen einer optimumnahen Trajektorie mit den aktuell vorliegenden Parame-
terwerten eines Trainees erlauben es noch während einer Trainingsmaßnahme gezielt 
an den Defiziten des Trainees zu arbeiten 

An den referierten Beispielen zeigt sich, wie groß der nutzbringende Einsatzbereich 
über Domänen und Methoden ist (vergleiche Tab. 1). Sie zeigen auch, welch unter-
schiedliche Arten von Modellen eingesetzt werden. Je nach Aufgabenstellung und 
Modellzweck ergeben sich sehr unterschiedliche Sichtweisen. Über die Formalisie-
rung und Simulation von Arbeitsabläufen mehrerer Agenten in Geschäftsprozessen, 
Petrinetzen oder objektorientierten Modellen über die GOMS-Bedienmodelle bis hin 
zu kognitiv orientierten Bedienermodellen finden sich verschiedene Ansätze. Die 
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Modelle haben teils normativen, teils deskriptiven Charakter. Der daraus resultieren-
de Werkzeugbedarf ist uneinheitlich. 

Tabelle 1: Möglichkeitsraum der Modellierung in Mensch-Maschine-Systemen: Ziele, Do-
mänen, Methoden und Werkzeuge 

Zielsetzung Domäne Methode Werkzeuge Ergebnisse 

Aufgaben-
beschreibung Produktion gefärbte Petri-

netze, UML 

verschiedene 
(papier- & rech-
nergestützt) 

Anforderungen ableiten 
Softwareentwurf 

Modellierung 
komplexer Pro-
zesse 

Strecken-
flugkontrolle 

Modellierung mit 
kognitiven Archi-
tekturen 

ATC-R Training & Gestaltung von 
Unterstützungssystemen 

Rapid  
Evaluation 

kleine inter-
aktive Gerä-
te 

GOMS-
Modellierung 

GOMS, TRE-
VIS 

relativ robuste Vorhersage 
der Lern- & Bedienzeiten 

Bedienfehler 
vorhersagen Avionik Mittel-Ziel-

Analyse PROLOG Erklärung von Bedienfehlern 

Trainingsunter-
stützung 

chemische 
Prozessfüh-
rung 

Modellierung mit 
kognitiven Archi-
tekturen 

ACT-R/PM modellgestütztes Situation 
Awareness Training 

Effiziente Mo-
dellerstellung 

display-
gestützte 
Schnittstel-
len 

Modellierung mit 
kognitiven Archi-
tekturen 

ACT-R/PM agimap-Werkzeug Pro-
grammvisualisierung 

Optimierte Auf-
gabenallokation

Prozessfüh-
rung (Mik-
rowelt 
CAMS) 

gefärbte Petri-
netze Design CPM 

Leistungskenndaten eines 
kognitiven Modells bei der 
Abarbeitung verschiedener 
Handlungsfolgen 

Onlinediagnose Avionik Data-Mining EA-MOLE Klassifikator für die Güte von 
Flugverlaufsabschnitten 

3.1 Wie übertragbar sind die Erkenntnisse zwischen den Domänen? 
Noch immer sehr kontrovers diskutiert wird die Frage nach der Übertragbarkeit von 
Methoden und Ergebnissen zwischen den Domänen. Der schwer zu widersprechen-
den Aussage: �Es sind ja schließlich die gleichen Menschen die alles bedienen 
(könnten)� stehen mahnende Äußerungen (aus leidvollen Erfahrungen) entgegen: 
�Wir müssen domänenspezifisch anfangen � alles andere wäre verwegen�.  

Unbestritten weisen Menschen generische Eigenschaften auf, welche sich domänen-
übergreifend finden lassen sollten (Ernst & Newell 1969; Newell & Simon 1972). 
Ebenfalls unbestritten existiert domänenspezifisches Wissen, das nur relativ zur Do-
mäne verwertbar ist (Chase & Simon 1973). Ein Großteil der Widersprüche lässt sich 
auflösen, indem man bei der Modellierung klar zwischen generischen und domänen-
spezifischen Anteilen in den Modellen unterscheidet. Eine Übertragung zwischen 
Modellen verschiedener Domänen ist demnach umso erfolgversprechender, je höher 
der generische Anteil im Modell ist, beziehungsweise je ähnlicher die modellierten 
Domänen sind.  

Ein weiterer Vorschlag zur Verbesserung der domänenübergreifenden Modellbil-
dung, der vorsieht nicht die gesamte Interaktion eines Menschen mit dem techni-
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schen System zu modellieren, sondern sich zunächst auf die domänenübergreifend 
geltenden Ausschnitte zu beschränken, ist derzeit ebenfalls umstritten. Ergebnis eines 
solchen Vorgehens wären dann Elementarmodelle spezifischer kognitiver Funktio-
nen. Der Nutzen dieser Elementarmodelle ist jedoch umstritten; können diese doch 
kaum mehr als Zeiten und Fehlerraten liefern, die man ebenso gut und mit weniger 
Aufwand aus der bestehenden psychologischen Literatur entnehmen oder mit ver-
gleichsweise preiswerten Experimenten bestimmen könnte. 

3.2 Erwartungen an die Modellierungsmethode 
Weitgehende Einigkeit besteht hinsichtlich der Erwartung, dass Menschmodelle als 
Entscheidungshilfe in frühen Phasen der Entwicklung eingesetzt werden könnten und 
in diesem Bereich in Zukunft eine große Rolle spielen werden. Der Aufwand dafür 
darf jedoch nicht zu hoch sein und es scheint, vor allem im Gegensatz zu anderen 
Methoden (z.B. Experiment), vergleichsweise schwierig zu sein den Aufwand im 
Vorfeld abschätzen zu können. Der Einsatz simulierter Menschmodelle wird nicht 
nur in diesem Zusammenhang eine zunehmend attraktive Alternative zum �klassi-
schen Experiment� darstellen. Die Hoffungen auf simulierte Menschmodelle als Er-
satz für Experimente nähren sich aus der Tatsache, dass Experimentieren ver-
gleichsweise teuer (Versuchspersonengelder) und zeitaufwändig ist. Zudem lassen 
sich gerade hochkomplexe Verhaltensweisen oft nur schwer bis überhaupt nicht ex-
perimentell untersuchen. Sehr feingranulares Experimentieren führt häufig zu der 
paradoxen Situation, dass wir �immer mehr über immer weniger wissen�. Modellie-
ren und Validieren der vom Modell gelieferten Verhaltensdaten sind dann die einzig 
verbleibende Alternative, um Aussagen mit einem größeren Gültigkeitsbereich tref-
fen zu können (Newell 1973; 1990). 

Auf der anderen Seite werden experimentelle Methoden mitunter zu früh und zu un-
spezifisch genutzt. In diesen Fällen könnten mit Gewinn Modellierungsmethoden 
zum Einsatz kommen, um den Möglichkeitsraum so einzuschränken, dass Experi-
mente darauf aufbauend gezielter eingesetzt werden können. Probleme bei den Mo-
dellierungsmethoden werden derzeit in ihren oft beschränkten Gültigkeitsbereichen, 
so wie in den hohen Einstiegskosten bei gesehen.  

Betrachtet man den gemeinsamen Kern hinter den positiven Erwartungen und den 
Befürchtungen, so wird deutlich, dass adäquat eingesetzte Methoden die positiven 
Erwartungen stützen und gleichzeitig die Befürchtungen weitgehend ausräumen 
können. Es gibt mit Sicherheit keinen �one best way� zur Entscheidung zwischen 
Experiment und Modellierung. Anzustreben ist vielmehr die Beherrschung eines 
integrativen Methodeninventars in dem Modellieren und Experimentieren als sich 
ergänzende Methoden die zentralen Rollen spielen. Anwendbarkeit, Aufwand, Aus-
sagekraft, Gültigkeitsbereich und Kosten stellen dann Parameter dar, die a priori 
abgeschätzt werden müssen, um die adäquate Methode zu finden. Das Ergebnis die-
ser Abschätzung determiniert dann die Wahl zwischen experimentellen Methoden 
einerseits und den Modellierungsmethoden anderseits oder legt eine Kombination 
beider Methoden nahe. 
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4. Maßnahmen zur Etablierung von Modellierungsmethoden in 
Mensch-Maschine-Systemen 

Der Entwicklung allgemeiner Maßnahmen sind Grenzen gesetzt, weil es keine all-
gemeinen Modelle gibt. So sind beispielsweise Modelle von Lotsen im Bereich der 
Streckenflugkontrolle (Niessen, Leuchter & Eyferth 1998) sehr weit von Modellen 
bei der Fahrermodellierung im KFZ (Jürgensohn 1998) entfernt (Jürgensohn, Nies-
sen & Leuchter 2000). Dies liegt nicht ausschließlich daran, dass in verschiedenen 
Domänen unterschiedliche Tätigkeiten modelliert werden, sondern vor allem daran, 
dass sich die Modellierer bei der Modellbildung auf verschiedene Aspekte in den 
Tätigkeiten konzentrieren. Neben dieser domänen- bzw. tätigkeitsaspektsbedingten 
Unterschiedlichkeit der Modelle sind auch innerhalb einer Domäne � oder bei weit-
gehend vergleichbaren Domänen � Klassen von Modellen zu unterscheiden. So be-
dingen beispielsweise Tätigkeiten, die eine langjährige Expertise erfordern andere, 
Modellierungsmethoden (weil die Expertise in das Modell integriert werden muss) 
und damit auch andere Maßnahmen zur Förderung der Modellierung, als Tätigkeiten 
bei denen dies nicht der Fall ist. 

Es lassen sich dennoch eine Reihe eher allgemeiner Maßnahmen zur Etablierung von 
Modellierungsmethoden in Mensch-Maschine-Systemen ableiten. Zur Reduzierung 
von Aufwand und Kosten der Modellierung scheint es notwendig langlebigere Mo-
delle zur schaffen, die in der Lage sind, mehrere Produktzyklen zu überdauern. Diese 
Maßnahme steht partiell im Widerspruch zur Auffassung, dass versucht werden soll-
te, sehr kleine (Ad-hoc-)Modelle zu entwickeln, um mit dem geringst möglichen 
Aufwand Produkte evaluieren zu können. Eine Entscheidung über die Adäquatheit 
dieser beiden Aussagen ist eventuell über die Spezifizierung der Anwendungsdomä-
ne möglich. Kurzlebige (Ad-hoc-)Modelle sollten eingesetzt werden, wenn die tech-
nische Komponente des Mensch-Maschine-Systems raschem Wandel unterworfen 
ist, der noch dazu starken Einfluss auf die Interaktionsprinzipien ausübt. Als typische 
Domäne könnten hier kleine mobile Konsumprodukte (Mobiltelefone, PDAs...) ge-
nannt werden. Langlebige Modelle können stattdessen erfolgversprechend in Domä-
nen wie Flugführung, Flugsicherung, Leitwarten, etc. zum Einsatz kommen; hier 
sind die Produktzyklen wesentlich länger, zudem ändern sich die Systeme von Gene-
ration zu Generation nur sehr wenig. 

Eine weitere Maßnahme, die der Modellierungsmethode entscheidende Impulse lie-
fern kann, ist die Weiterentwicklung bestehender kognitiver Architekturen wie bei-
spielsweise ACT (Anderson & Lebiere 1999) oder Soar (Rosenbloom, Laird & Ne-
well 1993, Newell 1990). In diesen Architekturen wurde bereits eine Fülle 
verschiedener Modelle aus diversen Bereichen kognitiver Leistung (von der Ausbil-
dung von Quantifizierungsoperatoren im Kindesalter bis zum Erlernen einer Pro-
grammiersprache) implementiert und experimentell validiert. Defizite weisen diese � 
ansonsten erfolgversprechenden � Architekturen derzeit im Bereich dynamischer 
Mensch-Maschine-Systeme auf. Eine Modifizierung bestehender kognitiver Archi-
tekturen, so dass in diesen dynamische Bedienvorgänge abgebildet werden können, 
ohne �gegen die Architektur� modellieren zu müssen, würde die Mensch-Maschine-
System-Modellierung auf die breite Basis kognitionspsychologischer Befunde stel-
len, die in den kognitiven Architekturen bereits implementiert sind.  

Nicht unerwähnt bleiben sollte die Tatsache, dass wegen der Diversität und Komple-
xität von Modellierungsmethoden (aber auch Experimentalmethoden) die gesamt 
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Methodenkompetenz mitunter nicht in einer Person vereinbar ist. Die deshalb not-
wendige Verteilung der Kompetenzen auf mehrere Spezialisten erfordert die Schaf-
fung eines gemeinsamen Begriffsraums bzw. einer gemeinsamen Sprache. Dies kann 
über sorgfältige Teambildungsmaßnahmen so gestaltet werden, dass ein funktionie-
rendes Kompetenznetzwerk aus Einzelkompetenzen entsteht. 

5. Anforderungen an kognitive Modelle in der Systementwick-
lung 

Der Einsatz von Benutzermodellen in der Systementwicklung stellt pragmatische 
Anforderungen an die zum Einsatz kommenden Modellierungsmethoden und -forma-
lismen, die über den Grundanspruch einer an die Aufgabenstellung angemessenen 
Vorhersagegüte deutlich hinausgehen: 

Kommunizierbarkeit von Modellen und Simulationsergebnissen: Die Gestaltung 
von Mensch-Maschine-Systemen ist eine interdisziplinäre Herausforderung für De-
signer, Ergonomen, Ingenieure und zunehmend auch Informatiker. Die Modellierung 
wird � wie im Technikbereich auch � sicherlich wenigen Spezialisten vorbehalten 
bleiben, es gilt aber wie ebendort, dass die Mechanismen, Grundannahmen und Ver-
einfachungen die das Verhalten des Simulationsmodells determinieren zwischen den 
Beteiligten kommunizierbar sein müssen. 

Modellierungseffizienz: Während in der grundlagenorientierten Benutzermodellie-
rung maximale Validität und langfristiger Erkenntnisgewinn die Zielgrößen darstel-
len, ist für den industriellen Einsatz die Modellierungseffizienz das ausschlaggeben-
de Kriterium. Die Vorhersagegüte der Simulationsmodelle muss dabei lediglich der 
in der aktuellen Entwicklungsphase geforderten entsprechen.  

Beide Zielgrößen sind nur durch einen konsequent systemtechnisch geprägten Mo-
dellierungsansatz erreichbar. Eine hierarchische Dekomposition in vernetzbare, 
aber für sich unabhängig behandelbare (und validierbare) Teilsysteme trägt sowohl 
zur Kommunizierbarkeit, als auch zur Effizienzsteigerung durch Wiederverwendung 
bei. Um Fragestellungen effizient beantworten zu können, muss der verwendete Mo-
dellierungsformalismus eine variable Abbildungstiefe zulassen, d.h. bestimmte 
Teilsysteme (i.e. kognitiven Prozesse) sollten für die Betrachtung nicht zwingend 
weiter zerlegt werden müssen. Wird die hierarchische Dekomposition/Komposition 
mit klar definierten Beziehungen zwischen den Teilsystemen und definierten Schnitt-
stellen zu Teilsystemen (Gedächtnis, interne Uhr, Wahrnehmung, etc.) konsequent 
durchgehalten, ist darüber hinaus eine Effizienzsteigerung durch eine hybride Mo-
dellierung möglich, d.h. die Teilsysteme würden mit der jeweils effizientesten Me-
thode beschrieben werden können. 

6. Ausblick 
Wenn beim Thema Modellierung und Simulation in Mensch-Maschine-Systemen 
zwar in Teilgebieten des Einen Wunsch die Befürchtung des Anderen darstellt, so 
lässt sich insgesamt doch ein zunehmendes Interesse an Modellierungsmethoden, 
sowohl im Bereich der universitären Forschung, wie auch in der industriellen An-
wendung konstatieren. Die Verwendung von Menschmodellen wird heute in der Re-
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gel  nicht mehr in Frage gestellt, es geht vielmehr darum, der Modellierungsmethode 
im Kanon anderer Methoden den richtigen Stellenwert zuzuweisen.  

Die Hoffnung, dass mit Hilfe der Bedienermodellierung zukünftig Probleme gelöst 
werden können, die experimentell nicht effizient lösbar sind, ist Motivation genug, 
um in die Weiterentwicklung der Modellierungsmethoden zu investieren. In wenigen 
Jahren sind dann, beispielsweise im Bereich der Navigationssysteme, Modelle des 
Blickverhaltens zu erwarten, die valide Aussagen über die �Auswirkungen eines um 
10% nach oben verschobenen Displays, auf dessen Ablesbarkeit liefern können�. 
Heute müssen zur Evaluation eines derartigen Eingriffs verschiedene Prototypen 
erstellt und in langwierigen Experimentalreihen kosten- und zeitintensiv evaluiert 
werden.  

Diese Arbeit wird von der VolkswagenStiftung im Rahmen des Programms �Nach-
wuchsgruppen an Universitäten� unterstützt. 
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1. Introduction 

This article provides a tutorial review of creating cognitive models with cognitive 
architectures to help with human-machine interface design. It is becoming increas-
ingly popular and increasingly possible to consider creating cognitive models to as-
sist in design, particularly of users of computer interfaces, and also of human-
machine interfaces. 

As these models and modeling mature, we will have an approach that can be used to 
evaluate and test a wide range of interfaces by simulating the human component of 
the system, and how humans interact with interface and machine components. The 
requirements for this approach can sketched (Kieras, 2003; Ritter, Van Rooy, & St. 
Amant, 2002) and point to early examples (Byrne, Wood, Sukaviriya, Foley, & 
Kieras, 1994; Kieras, Wood, Abotel, & Hornof, 1995).  

Commercially prepared cognitive models are already being used for system analysis, 
although in more limited ways than electrical circuit designers can use their 
CAD/CAM systems. A few notable examples of this work available as integrated 
systems include the IGEN system (Zachary, Jones, & Taylor, 2002), the Midas sys-
tem (Laughery & Corker, 1997), Apex (Freed & Remington, 2000), and the Jack 
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anthropometric system (Badler, Erignic, & Liu, 2002)1. The commercial systems that 
are available do not seem extendible by researchers interested in expanding the be-
havior and capabilities included.  

A prototypical example to illustrate what can be done is a model that examines cell 
phone design (St. Amant, Horton, & Ritter, 2004). Models were created in ACT-R 
and GOMS that could perform five tasks on ten cell phone designs. These models 
performed the five tasks across all of the phone designs. The ACT-R model in par-
ticular had access to problem solving and interacted with the cell phone images and 
representations of an interactive environment. Their results were all basically consis-
tent with the empirical data that was later gathered. The resulting models were then 
used to optimize the design of the phone interfaces, leading to an estimated time sav-
ings of about 30%. Given the widespread use of cell phones, this possible time sav-
ings cumulated across all users represents several human lifetimes. 

The range of human capabilities that can be considered for inclusion in these models 
is quite broad and much work remains. The current models, while becoming useful 
when considering many real design decisions, do not yet include very much of hu-
man perception and motor output; they do not have very complex or error tolerant 
models of error correction and recovery when interacting, and they cannot be rou-
tinely applied to a complex interface. There is not a lot of sharing of task models and 
interfaces. This can be put in contrast with the Lisp, Java, and perhaps expert system 
shell communities, where contributions are shared on a much more regular basis.  

This tutorial review examines how to get started with cognitive models in cognitive 
architectures with some emphasis on using the resulting models to test interfaces. It 
notes several cognitive architectures that could be or are being used for evaluating 
interfaces and predicting task time and (often) errors. The article provides practical 
comments on how to learn to use a cognitive architecture, providing general guid-
ance as well as pointers to specific resources. The article also examines one of the 
most vexing questions for modelers, that of how to prove or validate the resulting 
model. The article concludes by noting some of the most exciting, current problems. 

2. How to choose an architecture 

You will often start your choice of a cognitive architecture with a problem in mind, 
and this is important. While in the fullness of time the architectures can be expected 
to become similar because they are all modeling human cognition, they are forces 
working to keep them different. Like simulations in other domains, their focus on  
different domains or levels of analysis may keep them somewhat different.  

If you are a new researcher, you may be working where an architecture has already 
been chosen for you. In that case, you may wish to keep in mind its strengths and 
limitations, and notice your own new research problems.  

2.1 Why use a cognitive architecture? 
Before proceeding, it is worth noting what cognitive architectures are, and refer to 
material to explain them and their approach to modeling. Cognitive architectures are 
                                                 
1 Note that there is a Jack anthropometric system and a JACK intelligent agent system, same first 
name,  but different approaches and different developers (one a US university, the other an Australian 
company).  
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an approach to modeling behavior that assumes that there are two components to 
behavior, the architecture and knowledge. The architecture is composed of cognitive 
mechanisms that are fixed across tasks and basically fixed across individuals. These 
mechanisms typically include some form of perception and motor output, some sort 
of central processor, some working memory or activation of declarative memory, and 
some way to store and apply procedures. These mechanisms are used to apply task 
knowledge to generate behavior.  

Newell's (1990) book on unified theories of cognition introduces this approach. 
ACT-R  (Anderson & Lebiere, 1998) probably comes the closest to realizing it cur-
rently. Newell's book includes a list of reasons for using a cognitive architecture. To 
briefly summarize some of the most important, a cognitive architecture proposes that 
the same mechanisms are used for different tasks, which is parsimonious. The cumu-
lation and unification of results to a central source, are aims of science. When the 
cognitive architecture is realized as a computer program, it supports these aims by 
using the architecture itself to serve as a focus for unification. The resulting architec-
ture can then be reused and the effort to create it amortized over multiple projects. 

The use of a cognitive architecture also allows for model (knowledge) reuse, but this 
has been done less than I think Newell anticipated. We are finding that reuse of dis-
plays of model behavior (Ritter, Jones, & Baxter, 1998; Tor, Ritter, Haynes, & 
Cohen, 2004) may perhaps be a more approachable way towards reuse. In the cell-
phone project (St. Amant et al., 2004), the tasks were reused, but while there were 
similar models in ACT-R, these had to be created anew here because exact models 
did not exist.  

And finally, the use of a cognitive architecture helps create complete agents opening 
the way to applications, which is the subject of this article and this special issue. 
These models can be used to  use and thus test interfaces, to serve as opponents or 
colleagues in synthetic environments, and to run robots.  

2.2 Types of architectures 
There are several types of architectures that are or that could be used for evaluating 
interfaces and predicting task time and (often) errors. These include descriptive ar-
chitectures, symbolic and hybrid architectures, intelligent agent architectures, and 
connectionist architectures.  

The simplest are descriptive architectures like GOMS (John & Kieras, 1996) and the 
Keystroke-level model (Card, Moran, & Newell, 1983). Models created in these ar-
chitectures are used to help in system design (e.g., Gray, John, & Atwood, 1993). 
They are descriptions of behavior rather than generators of behavior for testing inter-
faces. They can be used to predict the time to do a task, but the actions have to be 
specified; they do not address problem solving that might be required to do a task. 
Current work has attempted to make this approach easier to apply to simple inter-
faces (e.g., Nichols & Ritter, 1995), to automate the more complex behaviors possi-
ble (e.g., Freed & Remington, 2000; Matessa, in press), and to unify GOMS and 
ACT-R creating a higher level language for ACT-R (St. Amant & Ritter, in press). 
Some of the commercial systems used for interface and system design started with 
higher level descriptive architectures that computed the time to do larger tasks, but 
these architectures have tended to migrate towards including information processing 
and most can now perform the task of interest with an external simulation.  
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Symbolic and hybrid architectures are most commonly used by researchers in this 
area. Soar and ACT-R are examples of these two types. Informally, both types can be 
referred to as cognitive architectures. These architectures support creating knowledge 
and applying it to situations. The hybrid architectures, ACT-R in particular, tend to 
provide more action on the level that interface design is currently viewed, that is, 
reaction times in ms, and the possibility of modeling a range of types of errors. 

Intelligent agent architectures have been used to explore interfaces (e.g., St. Amant, 
2000). They are useful for testing the range of performance of an interface, and for 
ensuring that an interface can be used to perform a task. They are not designed to 
make strong predictions about difficulty of use by humans, however. Connectionist 
architectures have been used extensively in psychology to model behavior, but they 
have been little used in modeling interaction. They appear to focus on different types 
of behavior than have been focused on in interface use. They are likely to be useful 
when modeling the details of perception, and their memory blends and errors are 
represented to some extent in the hybrid architectures.  

2.3 Reviews of architectures 
Knowing your potential application will help you choose an appropriate architecture. 
Architectures have different strengths. Soar, for example, appears to support larger 
knowledge bases than ACT-R, but does not provide as much support for detailed 
timing predictions (e.g., Byrne, 2001; Gray & Boehm-Davis, 2000). 

There are now several reviews of cognitive architectures that can help you choose an 
architecture to use. The first review, still helpful although clearly dated, was a special 
issue of the SigART Bulletin (1991). Pew and Mavor's (1998) report is more recent. 
Their book reviews architectures developed in the US. The architectures they review, 
such as Soar and ACT-R, are fairly well developed. Further reviews and comparisons 
of Soar and ACT-R may be helpful, as these are two of the most widely used archi-
tectures (Johnson, 1997; Johnson, 1998; Ritter, Shadbolt, Elliman, Young, Gobet, & 
Baxter, 2003, Appendix B). 

Ritter et al.'s (2003) State of the Art Report (as labeled by the publisher, a SOAR 
report) is an update and extension to Pew and Mavor's report. Their report reviews a 
set of architectures not included in Pew and Mavor's report, including the Java Agent 
Construction Kit (JACK: Busetta, Rönnquist, Hodgson, & Lucas, 1999), which is a 
belief-desires-intentions (BDI) architecture implemented in Java; the COGENT 
meta-architecture (Cooper & Fox, 1998) that has had some success in teaching; and 
PSI (Detje, 2000; Dörner, 2003), an architecture that includes physiological drives as 
a basis of emotions. Ritter et al.'s report also includes a review of current problems 
and directions for research, which is reviewed in the conclusions. A similar report 
(i.e., including Silverman, Cornwell, & O'Brien, in press) focused on emotion within 
architectures will be available shortly. 

Even these current books do not include several new and a few old architectures that 
should be mentioned. Langley (1996) and his research group have an architecture 
that appears to provide a more schema-based approach. Hybrid architectures, such as 
Clarion (Neveh & Sun, in press; Sun, Merrill, & Peterson, 1998), attempt to create 
architectures with sub-symbolic and symbolic representations. Further examples in-
clude hybrid versions of blending parts of ACT-R, Soar, and EPIC (e.g., Chong, 
2001). These are becoming interesting variants in their own right.  
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There are a variety of architectures being developed for modeling social agents, that 
is, models that interact with a few to a large number of other agents (e.g., Carley, 
1996; Yen, Yin, Ioerger, Miller, Xu, & Volz, 2001). Presentations at the CASOS 
conference (e.g., www.casos.cs.cmu.edu/events/conferences/conference_2004.html) 
often explain advances in this area. These social architectures tend to have less in-
formation processing capabilities, but appropriately more communication capabilities 
as well as including more instrumentation to record and analyze the behavior of 
groups from 10 to 1,000. 

AMBR is a large scale project to compare cognitive architectures based on how they 
interact with a common task. Their results may help you choose a cognitive architec-
ture. The AMBR project has provided two large scale simulations and had models 
written in a variety of architectures (Gluck & Pew, 2001a, 2001b; Pew & Gluck, in 
preparation). In addition to ACT-R and a modified version of Soar, these compari-
sons have included COGNET/iGEN (a commercial architecture from CHI Systems), 
and D-COG (an architecture developed by the US Air Force). 

This section has described a range of architectures to consider and noted several re-
views that provide comparisons. The reader will have to choose their own cross to 
bear, according to what they want to model and the resources available to them. Two 
architectures were used in the cell-phone example (St. Amant et al., 2004) for com-
parison. One (GOMS) was chosen because it is commonly and easily used. The other 
(ACT-R) was chosen because it is commonly used, it supports problem solving, is 
extendable, and it will be able to use the results of several related projects.  

3. How to learn about architectures and models 

It is generally acknowledged that learning how to create cognitive models is not a 
simple process. There are materials to help with this process, organized here by pres-
entation media; they could be organized through the stages of data gathering to 
model building and testing as well. 

3.1 General textbooks on simulation and modeling 
There are some general textbooks on simulation and modeling that would be helpful. 
Pew and Mavor (1998) implicitly provides some overview. A book in the Sage 
methodology series (Tabor & Timpone, 1996) explicitly provides just an overview. 
Books on mathematical psychology (e.g., Greeno, 1968; Townsend & Ashby, 1983; 
Wickens, 1982) offer some guidance, but as their approach is based on theories that 
typically have a closed form or with much different, simpler assumptions, they do 
not always offer much guidance. None-the-less, these books do teach some basic 
assumptions and lessons that are not yet in a cognitive modeling book. 

3.2 Textbooks and materials on cognitive modeling 
There are some textbooks that attempt to summarize cognitive modeling and in some 
cases attempt to teach it. These are worth examining. Boden (1988) provides an over-
view of several major approaches, including Newell and Simon's approach as well as 
connectionist approaches. 
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Those working with connectionist architectures have several books to choose from 
(McClelland & Rumelhart, 1988; McLeod, Plunkett, & Rolls, 1998; O'Reilley, 
2000). These books introduce modeling as well as an associated software package. 
Through worked examples they provide jumping off places for other projects and for 
further work. 

Cooper (2002) has recently published a book on the COGENT system. Like the con-
nectionist books, it too provides a set of examples, along with comments about 
model building. 

The van Someren, Barnard, and Sandberg book (1994) comes closest to providing a 
book on how to create cognitive models. It is too brief, but starts to touch on many of 
the important topics, such as how to gather verbal protocols, how to compute inter-
rater reliability, and the use of task analysis. 

Ericsson and Simon's (1993) book has to be included here. It provides the rationale 
for using verbal protocols as data, as well as the many limitations of verbal protocols. 
It also includes some practical advice, but not nearly enough. Work continues on 
understanding how to use other non-verbal protocols such as mouse moves (Baccino 
& Kennedy, 1995), eye-gaze (Anderson, Bothell, & Douglass, 2004), and demasking 
(Seifert, 2001). 

Work on sequential data analysis needs to be included as well. Modelers interested in 
the sequential predictions of their models would be well advised to become a student 
of sequential data representations (Sun & Giles, 1998), sequential data analysis 
(Gottman & Roy, 1990), and exploratory sequential data analysis (Sanderson & 
Fisher, 1994). There are useful tools in this area to help with coding and analyzing 
data (e.g., MacShapa: Sanderson, James, & Seidler, 1989, which has been updated 
since). Reviews of techniques and tools seem to be done every few years (Fielding & 
Lee, 1991; Ritter, 1993; Sanderson & Fisher, 1994). 

3.3 Exemplar books and monographs 
There are several books and monographs that are worth studying because they teach 
by example fairly well, not because they often or very directly give proscriptive ad-
vice. Many people have learned this way. Newell and Simon's (1972) Human prob-
lem solving is probably the canonical one. While few people have read it cover to 
cover (I think I know of one person, and I have read about two-thirds), it provides 
numerous examples worked out in great detail, and teaches the ethos and spirit of the 
approach. Baxter's (1997) report is also presented in this way, and provides a more 
current example for Soar. Some Soar and ACT-R theses also provide examples (e.g., 
Wiesmeyer, 1992), but often do not provide much help for those interested in learn-
ing the process. 

There are now several edited books on cognitive modeling (Polk & Seifert, 2002; 
Rosenbloom, Laird, & Newell, 1992). These do not provide a unified treatment, but 
do provide numerous lessons and further examples. Simon's (1979, 1989) books of 
collected works in this area (the checkerboard books) have numerous examples, 
many of which are still worth building on, and all are worth learning. 
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3.4 Useful articles 
Yost and Newell's (1989) article is helpful, as it attempts to explain the process of 
building a model, but it is tied to a single architecture and should be more widely 
read. There are other useful papers, but they are short and do not provide the full 
story. Interested students of modeling will find them helpful (Kieras, 1985; Ritter & 
Larkin, 1994; Sun & Ling, 1998). There are numerous examples of models and their 
fit to the data, but they tend not to explain the steps of model creation from the data � 
the model tends to appear in final form as Athena did from the head of Zeus.  

3.5 Programming style and informal mechanisms 
Users of architectures have found that in addition to the architecture and knowledge 
there is another component that needs to be formalized. Because models within the 
architectures are theories, how they use the mechanisms � in a uniform or ad hoc 
basis � are part of the theory.  

Newell (1990) noted this when he said that there is more in your architecture than 
you would expect. Learning how to use an architecture and how not to misuse it has 
to be learned, not just individually, but as a community. Kieras, Wood, and Meyer 
(1997) referred to it as rules for creating models. Kieras, 2003 provides an update to 
this. Newell (1990) and the Psychological Soar Tutorial (http://acs.ist.psu.edu/nott 
ingham/pst/pst-ftp.html) refer to it as listening to the architecture and using it appro-
priately. Some in the Soar group have recently started to formalize how to program 
Soar in a document where the how-to is referred to as dogma (Nuxoll & Laird, 
2003). Similar requirements are already apparent as we create the COJACK architec-
ture (Norling & Ritter, in press). 

What all of these authors are referring to is a set of conventions that are adhered to 
when creating or programming the model. Examples of these conventions for Soar 
include using only one value per attribute in Soar, not putting too much information 
in a single state, and not creating operators that are overly complex.  

Learning this architectural component is difficult because it is not yet formalized 
(although model compilers offer the promise of doing this, e.g., St. Amant & Ritter, 
in press). It is perhaps this type of knowledge that is missing when modelers have 
difficulties or give up. The old rule of thumb was that you had to visit an established 
site to absorb this information, and while numerous steps have been taken in recent 
years to reduce this requirement, such visits are still a good idea. 

3.6 Conferences, tutorials, and online materials 
Conferences (e.g., the Cognitive Science Conference, International Conference on 
Cognitive Modeling) and workshops (e.g., the Soar, ACT-R, and Cogent Workshops) 
offer opportunities to learn current programming (modeling) paradigms and to meet 
other modelers. Such paradigms have been actively debated in panels as Soar and 
ACT-R workshops. 

There are also more formal places to learn. Tutorials are now often offered at the 
relevant conferences, and these can serve as useful introductions. The ACT-R sum-
mer School and the German Cognitive Autumn School (Herbstschule Kognitionswis-

MMI-Interaktiv, Nr. 7, Juni �04, ISSN 1439-7854, Ritter 23 

http://acs.ist.psu.edu/nott ingham/pst/pst-ftp.html
http://acs.ist.psu.edu/nott ingham/pst/pst-ftp.html


senschaft), while only available occasionally, offer excellent opportunities to get 
started and to learn more. 

Finally, there are now online materials. On their main web sites both ACT-R 
(http://act.psy.cmu.edu/) and Soar (http://sitemaker.umich.edu/soar) now have online 
tutorials (you print them and do the exercises), and they both have Frequently asked 
questions lists (http://acs.ist.psu.edu/act-r-faq, http://acs.ist.psu.edu/soar-faq). Other 
architectures are likely to have the same, if not now, they will have them soon as the 
standard of support rises for new and existing users. These tutorials and FAQs also 
raise issues that most architectures will wish to address, so they should provide value 
even for users of other architectures.  

3.7 Psychology and computer science materials 
There are two further areas important for the success of modeling to keep in mind: 
psychology (the data to be modeled), and computer science (the tools used in model-
ing). If you are a computer scientist coming to cognitive modeling, you will need an 
overview of the information processing view of psychology. Anderson's books on 
psychology (1996) and on learning and memory (1995) are excellent introductions 
and good overviews. (There are others as well.)  If you are interested in more specific 
areas, textbooks in those areas will also be helpful. 

If you wish to have access to a wide range of data useful for modeling, either to help 
build an architecture or else to provide additional data to extend the coverage of the 
model, engineering psychology can provide this. Wickens' text books (Wickens, 
Gordon, & Liu, 1998; Wickens & Hollands, 2000) provide an overview, and the En-
gineering Data Compendium (Boff, Kaufman, & Thomas, 1986; Boff & Lincoln, 
1988) provides a detailed view that is sometimes helpful. 

It was first noted by Kieras (1985) that it is very useful, perhaps even essential, that 
modelers know the language underlying their architecture to assist in modeling. After 
the model is built, additional apparatus will have to be built to include running the 
model multiple times (if it is stochastic), to explore variants of the model, to run the 
model on a variety of tasks, and to provide the model access to a task simulation. For 
current modelers, this can mean studying Lisp, Tcl/Tk, and Java. Online resources 
and summaries of learning materials for these languages can be found, for example, 
in the frequently asked questions lists for the architecture (e.g., http://acs.ist.psu.edu/ 
act-r-faq, http://acs.ist.psu.edu/soar-faq). Psychologists who just set themselves the 
task to learn ACT-R and not Lisp will run into difficulties, and will either learn Lisp 
or quit. 

4. How to test your model2 

Modelling is always a purpose driven act. Thus every model has a purpose (or set of 
purposes). Testing and validation has to be done with the purpose of the model in 
mind. For science, the role of the proposed mechanisms to account for behavior is 
pretty common. Thus testing is probably the better label for this step. For engineering 
and design, the usefulness and usability of the model are being considered, so valida-
tion is probably a better label for this step.    
                                                 
2 An earlier version of this section was presented at a Symposium on Model Fitting and Parameter 
Estimation at the ACT-R Workshop, 2003.  
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How to test and validate your model is a problem that has vexed many researchers. I 
have met several people and I have spent time myself looking for a statistic to prove 
cognitive models. This is a fruitless search that I suspect is repeated far too often. 
There is an approach to testing models that I think is productive. Campbell and Bol-
ton (in preparation) provide a longer explanation that will be useful to those particu-
larly interested in this topic. After the theoretical background is provided, some prac-
tical suggestions are provided.  

4.1 Theoretical background 
Grant's (1962) paper on the strategy and tactics of investigating models argued that 
there were two important aspects for testing a model, that (a) the model was worth 
taking seriously, and (b) you could see where the model was wrong so that you could 
improve it. This is consistent with Newell's (1990, p. 507) view of how to develop 
unified theories of cognition (UTC): what is the current bar (standards), does this 
theory (or model) raise it, and what are the further regularities to be included in the 
future?  I like this approach as it lets me make progress, or at least be happy. I have 
seen others trying to prove their model, and they are not and cannot be happy be-
cause proving your model is equivalent to accepting the null hypothesis (see any 
elementary statistics book for a description of the dangers of that). 

Taking a model seriously  depends on what other models are available and what you 
want to do with it. What is the current best model?  If you look at current theory/data 
comparisons of task performance models (e.g., ACT-R), the models can typically 
match a single type of data or a few kinds of data on a single task. For example, the 
data compared with the model will include one or a few of reaction time means, the 
sequence of task actions, groupings of task actions into strategies, error rates and 
types, and trends and variance in all of these. Few models have had their predictions 
compared to all of these aspects of data.  Fewer yet have been compared to data from 
multiple tasks. Gobet and Ritter (2000) describe this approach; Lovett, Daily, and 
Reder (2000) independently have provided an example.  

Sometimes in a new area of modeling it will be enough report the performance of 
model, that is, that it can do the task (currently models of teamwork and emotions 
seem to use this approach). More advanced models may report the correlation be-
tween the model's predictions and data, which Simon and Grant both recommend. 
Correlations currently appear to be a good standard, and they often lead me to take 
models seriously. 

Summarizing the match across these sets of regularities can be done in multiple 
ways. For example, John (1996) has used a type of bar chart across a set of different 
types of behavior being matched. Further details of this approach are presented in 
Newell's (1990) book, and briefly expanded in Ritter (1993) as criterion-based cogni-
tive modeling. This approach, of criterion-based cognitive modeling, is a way to pro-
tect models because it defines the range and performance expected from a given 
model. Schunn and Wallach, (2001) also provide many useful suggestions.  

With multiple types of data with multiple values and multiple displays, how can one 
compare theories? I currently think that Grant's question, "is a theory worth taking 
seriously?", can be seen at least partly as a social process. Theories will correspond 
to the data on a number of dimensions. Reducing their fit to a single number for 
comparison to choose the best model is likely to be difficult when complex models 
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or complex data sets are considered. Some models are admirable because they do not 
touch the simulation and offer new worlds to models (but have an unreported or poor 
fit). Another model may be interesting because it opens up new areas of data to be 
included into ACT-R or Soar. A third model may be interesting because it shows 
how to use a genetic algorithm to fairly test a wide range of ways to adjust models to 
fit a dataset (e.g., what develops in children?, Tor & Ritter, in press).  

In each case, the judgment of "is this model interesting" is based on other models, 
how well the model fits the data, how applicable the theory, how easy the theory is to 
use, and a host of other factors. Estimates of future applicability is also important. 
"Science, like politics, is the art of the possible", said Newell, and I rather strongly 
agree. That means that I take models that I can download and include with my model 
much more seriously than those that I cannot inspect or that cost $1,000.  (Something 
interesting is going on here, because except for computer proofs in mathematics, 
rarely in science are theories cast so strongly as programs, it seems; and estimates of 
future usability are likely to be inaccurate.)   

A recent set of comments (Roberts & Pashler, 2000, 2002; Rodgers & Rowe, 2002) 
argue that a reader needs to know more about the model predictions to data compari-
son than just the fit. They argue that readers need to know what kind of data that the 
theory cannot fit, the variability of the data, and the likelihood of fitting data. Roberts 
and Pashler's stance appears to be consistent basically with Grant's two step process, 
but they ask for more details. The details they ask for appear to me to be more rele-
vant for simple models covering well trod but narrow ground rather than broad, ap-
proximate theories that current cognitive models often look like. Roberts and Pashler 
do request a standard that is worth striving for, but they also appear to be overly 
harsh. Newell (1990) argued for allowing models time to develop (citing Hebb, 
"don't bit my finger look where I'm pointing"), and to allow them to have success in 
multiple ways. A model that performed a new type of learning or problem solving 
would be inappropriately rejected by Robert's and Pashler's criteria.  

Roberts and Pashler prefer theories that predict surprising data. I also find much of 
psychology data surprising, which they do not, and thus I think predicting this data is 
worthwhile. I know of several theories that do not predict smooth curves and the data 
matches these non-smooth curves. Finally, I believe that task performance is much 
more important than fits to data because task performance is a prerequisite for gener-
ating behavior and thus for more autonomous predictions and applications.  

4.2 Practical recommendations 
So, (a) I recommend that you tell us about your model's predictions, what the data 
look like, and how the model's predictions correspond to the data in detail, enough so 
that we can see that the model is worth taking seriously. Because the judgement is 
based on other alternative models (if any), there is no a priori quality required. There 
is not a value of r2 that must be satisfied, although the r2 of competing models are a 
good yardstick. You might also note a model's other virtues, such as ease of use, and 
consistency but not yet correlation with large swaths of behavior. 

There are also reasons to dismiss a model. If the model would fit any data, then it is 
not worth taking seriously (but only if such data already exist, hypothesized data 
need not apply). If I cannot understand the model; if it is a hack; or if I believe it will 
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not generalize to other data; and I would add now, if it is not part of a UTC, I am less 
interested.  

I also recommend that you (b) Note where the model can be improved. This does not 
mean including in your paper a laundry list of data that your model does not yet 
cover because you ran out of time. If you are a reviewer, it certainly does not mean 
providing 40 pages of comments of places where the authors could extend their 
model.3   

Therefore, include in your reports just enough detail on your model's limitations for 
readers to know that you know where the remaining problems are, and to indicate 
that you know enough to improve your model, but not to apologize for tasks it cannot 
yet do. Thus, for the cell-phone model (St. Amant et al., 2004) both processes were 
done. The model was tested to find out how it compared to existing scientific models 
in the area. The models are shown to predict the data using a table and a figure to 
show the correlation. We also noted where it could be improved in the near term. The 
model was also validated, in that the results showed that the models were usable and 
made not only accurate but useful predictions. The effects of redesign could not only 
be predicted, but indicated that redesign could be very beneficial. 

5. How to choose a problem to work on 

With an architecture in hand you might then wish to choose an interesting and timely 
problem to work on. In reality, the problem in front of you is likely to have driven 
you to desire to work with a cognitive architecture to start with, or may have arisen 
from your use of a particular cognitive architecture. Thus, this section is not usually 
the last section in your journey, but it is include it at the end as a summary of what I 
believe are some of the current areas of interest when using cognitive architectures. 
Other interesting problems and reviews exist in this area, and this section does not 
describe, of course, all possible problems.  

Newell in his Desires and Diversions talk (Newell, 1991)4 emphasized the need to 
work on the most important problem. While I have colleagues who disagree with me 
on the necessity of this directed approach, what progress I feel seems to come in the 
same way as Newell described it, as returning to the same problems and staying fo-
cused on a line of research as much as possible; working on an important problem; 
and working on a problem where you have some comparative advantage due to edu-
cation or access to resources or affinity. Thus, in introducing these areas as interest-
ing, you may note that along with a variety of colleagues I am working on some as-
pect of several of these problems. 

                                                 
3 These two suggestions are consonant with two comments taken from a document a colleague re-
cently was kind enough to share with me, Levy's Ten Laws of the Disillusionment of the True Liberal, 
findable online with a search engine. That is, Law 4b: Good intentions are far more difficult to cope 
with than malicious behavior; and Law 8: No amount of genius can overcome a preoccupation with 
detail. 
4 This talk is available online. The recommended path is to go to http://www.ul.cs.cmu.edu/ (Univer-
sal Library); click on Multimedia and Lectures, click on Distinguished lectures, click on 1991, and 
then click on the link to the talk. If you need a hard link, this path, which varies based on machine 
type and operating system, sometimes resolves to: http://doi.library.cmu.edu/10.1184/LOCAL/4205 . 
The slides are available through http://diva.library.cmu.edu/Newell/  
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Pew and Mavor (1998) in the course of their book describe worthwhile projects at 
the end of each applicable chapter. The problems they note are interesting problems 
and worth working on. Their descriptions tend to refer to whole areas and to be the 
size of a multi-year research proposal that might include multiple investigators 

Ritter et al.'s (2003) State of the Art report provides a listing of about 23 smaller pro-
jects. As a group, these projects are more approachable as PhD, MSc, or class pro-
jects in advanced AI, simulation, or modeling classes. These projects are grouped 
into three main categories, that of extending the coverage of architectures and mod-
els, of improving their integration with tasks, and making the models and architec-
tures more usable. 

5.1 Projects extending architectures and models 
The first project area is to more accurately model human behavior. To highlight just 
a few of the projects there, one project suggests that including errors in performance 
will be important. This is of interest to interface designers in safety-critical systems 
(e.g., Freed & Remington, 1998). Several projects consider learning. The wide varie-
ties of change that learning entails is a large, broad area for work and will be for a 
long time. 

Another interesting project area is including models of emotions, changes of motiva-
tion, and changes within and across individuals. Examples of this work are available 
in my research group (Belavkin & Ritter, 2003; Norling & Ritter, in press; Ritter, 
Avraamides, & Councill, 2002) and elsewhere (Gratch, in press; Hudlicka & 
McNeese, 2002; Silverman, Cornwell, & O'Brien, in press). 

5.2 Projects improving the integration of architectures with tasks 
The second project area is integrating models with other systems, broadly defined. In 
particular, the most interesting problem to me is providing models with access to 
interfaces in ways that approximate the richness of human perceptual-motor capabili-
ties as well as including the limitations of human capabilities. Providing models ac-
cess to tasks has been a constant problem for modelers, of how to provide their mod-
els access to the task of interest or an interesting task where the phenomenon of 
interest can be studied. The field has started with providing the task in the modeling 
language. When that approach became unwieldy, providing the models access to raw 
information through sockets in a complete domain.  There are good reasons to use a 
micro-world, a simplified simulation of a larger task (Gray, 2002). These approaches 
have not been entirely satisfactory, and I have seen many projects flounder on this 
"uninteresting" technical subtask. 

In other sciences instrumentation and essential technology support that caused re-
searchers to fail would make the failure point an interesting problem to those disci-
plines. Thus I think interaction is an interesting problem for cognitive modeling. In 
the last few years we have been working to create simulated eyes and hands (Lons-
dale & Ritter, 2000; Norling & Ritter, 2001; Ritter, Baxter, Jones, & Young, 2000). 
In particular, we have been working with St. Amant and his students to create a 
simulated eye and hand that do not need to instrument an interface to interact with it 
(St. Amant, Horton, & Ritter, 2004; St. Amant & Riedl, 2001). 
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5.3 Making the models and architectures more usable 
The third and final project area is to improve the usability of the resulting models. If 
the models are too difficult to build or too difficult to understand, use, or apply, then 
they will not be used. This is an interesting human-computer interaction design task, 
of creating and explaining intelligent behavior. It is similar in many ways to expert 
system development, except the systems are not only required to be intelligent, but 
intelligent like humans.  

We have started to gather descriptions of what users want (Councill, Haynes, & 
Ritter, 2003), and are working on higher level programming languages (St. Amant & 
Ritter, in press) and displays (Tor, Ritter, Haynes, & Cohen, 2004). Others are work-
ing on this problem as well (e.g., Crossman, Jones, Lebiere, & Wray, 2004; also see 
the upcoming AAAI 2004 Workshop on Intelligent Agent Architectures: Combining 
the Strengths of Software Engineering and Cognitive Systems).   

5.4 Concluding remarks 
It is an exciting time for creating and using cognitive models. The technology con-
tinues to mature and the science that can be addressed continues to provide interest-
ing problems. We are a long way from being able to routinely create and apply cog-
nitive models in the way that ANOVAs and regressions can be, but the path forward 
continues to seem clearer and broader with the passage of time. This article may help 
you on this path, but like nearly all science, progress will be faster with a mentor and 
being part of a community.  
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1. Introduction 

An important current trend for the ACT-R community is to apply cognitive model-
ling to real world problems like HCI (Byrne 2001) or human machine interaction 
(Gluck 2002). Important developments of the architecture that are necessary to do so 
are PM for integration to the task environment and new ways of goal management. 
An area that still needs attention is timing for operating human-machine systems. 
With this contribution we want to promote the application of cognitive architectures 
for engineering applications in dynamic human-machine systems (HMS). In this sec-
tion the notion of HMS and their dynamics are defined and the objective of this work 
is presented in detail.  

1.1 Human-Machine Systems 
Many machines (i.e. technical systems) are used by humans. The term human-
machine system denotes not only systems in which at least one human operates a 
technical system, but emphasizes the interaction between human and machine. Typi-
cally the technical system is fairly complex and shows a continuous dynamic behav-
iour that is influenced by interventions of its operator. While former research on 
HMS has focused on physical and ergonomic characteristics of the interaction for 
optimizing construction and force feedback properties, today the main topic is esti-
mating consequences of automation. Since technical systems are getting more com-
plex often cognition, memory span, and mental models are being of concern. Some 
typical examples of systems that are analysed and developed from an HMS view-
point are in high risk environments like the aviation domain, energy and power man-
agement (nuclear power plant), and chemical process operation. 
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1.2 Objective 
The objective for modeling behavior of HMS operators is to facilitate simulation 
based design support, training, and deployment in assistive technology.  

1.2.1 Simulation based design support 
In the development process of HMS� it is cost efficient to detect design flaws as early 
as possible. Thus tests are conducted with prototypes or even mockups instead of 
finished products. The use of simulations of the technical system is common practice 
in testing e.g. in automobile industry. Additionally simulations of cognitive capabili-
ties of the potential user are effective for questions about human reliability (Amal-
berti 2002). They can be efficient in large scale multi-user scenarios (computer gen-
erated forces: Jones et al 1999) or when a single prototype test is very expensive (e.g. 
aircraft cockpit automation: Lüdtke 2002). 

1.2.2 Training 
Insights from simulations of different strategies in cognitive models can be measures 
for �difficulty of learning each strategy, efficiency of using each strategy once lear-
ned, generality of each strategy to the range of [�] problems, retention of the strate-
gies, and transfer� (Rittle-Johnson & Koedinger 2001). Although stated for simple 
arithmetic tasks these measures can be used to decide which strategy to train for op-
erating HMS. 

1.2.3 Deployment in assistive technology 

Besides using simulations of cognitive processes as knowledge based support system 
(perfect cognitive models making no errors are expert systems) realistic (error mak-
ing) cognitive models have the potential to be deployed in adaptive automation sys-
tems (Parasuraman et al 2000). Such systems adapt their behavior to external condi-
tions normally detected in the technical system or its environment. Taking not only 
the technical or environmental state but also that of the operator into account leads to 
a more effective task allocation between automation and human operator. Realistic 
cognitive models running parallel to the HMS can be used to predict current or future 
operator states. A famous example for this kind of automation are intelligent tutoring 
systems (e.g. Leuchter & Urbas 2002). 

The rationale of the use of the cognitive architecture ACT-R is to make the modeling 
process more efficient by introducing a priori constraints on memory and processing. 

1.3 Dynamics 
The need for timing arises from the dynamics of the operated system. Thus for this 
report the most important property of an HMS is its dynamics. Many approaches for 
conceptions on dynamics of HMS exist. Often they are directed by control theory or 
complex problem solving. Since they do not fully fit in modeling timing in this paper 
a scheme is proposed that is derived from experience gained modeling cognitive pro-
cesses of air traffic controllers (Niessen et al. 1998) and process control. 

This approach is presented object-oriented. Figure 1 shows the framework as a UML 
diagram (unified modeling language, common used in software engineering).  
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Figure 1: Framework for dynamics. 

The diagram shows three columns. The left one is the defines the system boundary: 
The environment and the modeled subject(s). The middle column shows the concept 
itself. The right column shows concretizations. Above: in two domains (green): en-
route air traffic control (ATC) and process control (PC e.g. chemical plant), below: 
concretizations of tasks. 

The task environment consists of a number of objects. Example for objects are air-
craft or their constellations (ATC) and process variables such as temperature or pres-
sure (PC). One or more operators are responsible. An operator is assigned one or 
more tasks to fulfill. Every task is associated with exactly one object. A task is con-
sequently associated with a goal. Tasks or more exact fulfillment of a task can either 
interruptible by other tasks or has to be immediately worked off.  

Dynamics results first from new objects or tasks appearing in the situation. But for 
most tasks in HMS the state of the objects is also needed. It can be acquired by the 
HMS interface (often a screen). To avoid confusion not all information is normally 
displayed. But for the execution of a certain task an unusual information can be nee-
ded. Then the object has to be inspected and that information gathered (e.g. trans-
ponder code on ATC screen). Some interfaces are designed in several screens (e.g. 
control room displays for PC) so that the operator has possibly to navigate in the task 
environment to the needed information�s display. The second reason for dynamics is 
the changing of objects state. Change can be initiated from actions of the operator 
and from environmental interference. Both result in a more or less delayed change 
behavior. 

The treatment of this framework is that a task environment has a certain number of 
objects at a time and following a number of tasks/goals that are valid and have to be 
fulfilled at any one time (homeostatic and parallel goals, Aasman 1995). The charac-
teristics is the amount of them (interruptible separated from immediate), the change 
rate and expenses for navigation/inspection. One application of this framework is a 
comparison between different domains/tasks to estimate the need to use working 
memory in favor for external memory (HMS interface screen) on the basis of inspec-
tion/navigation cost and the number of continuous tasks. 
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This framework of describing dynamics is used in the following section to discrimi-
nate between certain task environments. 

2. Task Environments 

In this section the dynamics of several interactive task environments is discussed: car 
driving, en-route air traffic control, human-computer interaction, aircraft piloting, 
interactive computer games, and process control in chemical plants. The conse-
quences for scheduling of subtasks are deduced. 

Car driving: Although driving is not a top-down activity it is composed of several 
subtasks that are all active at the same time (�homeostatic�, Aasmann 1995). Cnos-
sen (2000, p. 40) and Salvucci (2001) enumerate subtasks of driving as: speed con-
trol, steering, visual search, and distance keeping. Car driving is a highly dynamic 
task because the state of the vehicle and its environment changes constantly possibly 
without prior warning.  

Apart from modern automation like adaptive cruise control there is not much need 
for a memory for situation awareness because the situation can be easily directly per-
ceived at environment (objects are primarily other cars) and instruments.  

En-route air traffic control: Controllers monitor the movement of aircraft on radar 
screens. Although the traffic is planned in advance weather conditions or other unex-
pected events influence plan achievement. Thus controllers have to command pilots 
for other direction, speed or altitude to avoid dangerous approximation. The situation 
is dynamic: New objects (aircraft) enter the sector, the state of the objects (position, 
altitude, speed, direction) changes normally upon request of the controller. The 
change rate of tasks is rather low, because new aircraft enter a controlled area about 
every some minutes. Nevertheless it is necessary to monitor aircraft because pilots 
could not exactly perform commands or deviate from their routes. Controllers need a 
representation of the current situation in order to achieve anticipation, conflict reso-
lution and monitoring (Niessen et al. 1998). 

Human-computer interaction: HCI does not necessary include the notion of dy-
namics: Objects that are observed are GUI-elements that display values. Depending 
on the model that is displayed they are changing and have to be monitored. Although 
many dynamic human-machine-systems have computer mediated interfaces or can be 
used in PC based simulations there are no direct results for cognitive models of HCI. 

Aircraft piloting: Through the introduction of fly by wire concepts and automation 
technology in the modern glass cockpit pilots mostly fulfill a supervisory control 
task. Objects are the measure instruments and displays. The subtasks are precisely in 
hierarchical standard operating procedures defined. A major part of all human factors 
errors in aviation results in lack of situation awareness in that the current mode of the 
automated system is misinterpreted (e.g. Lüdtke et al. 2002). An interpretation on the 
basis of the proposed dynamic modeling framework is that procedures have to be 
treated as objects which was the way how an existing ACT-R pilot model was real-
ized (Schoppek et al. 2000). 

Interactive computer games: Similar to car driving new objects in interactive com-
puter games can occur and change their state without the player�s interaction. In first 
person shooter games (Laird 2001) the most important feature is the position of ob-
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jects (enemies or other characters). Since navigation is achieved through movement 
in virtual space inspection cost for objects are high. Because of this and to make de-
liberative behavior possible it is necessary to maintain a mental representation of the 
virtual world.  

Process control in chemical plants: In contrast to computer games, air traffic con-
trol and car driving the super structure of the environment does in general not 
change, i.e. the pure number of objects does normally not change. Nevertheless, due 
to start up and shut down of single unit operations and the possibility to change the 
interconnection between the unit operations the relation between the objects and the 
resulting dynamic behavior of the process is subject to change. Furthermore the cour-
se of variables in time is most often not predictable by linear extrapolation. In conse-
quence a mental representation of the current relations between the objects and a 
image of the history of the process is necessary for the supervisory control tasks. 

Thus operators need not only a mental representation of the objects� values but also 
of their dynamical features as their state. Operators typically have several displays in 
the control room and one monitor can display several different views. They use 
structural presentations of the chemical plant where the values of process variables 
are shown and trend pictures of the development of a variable over time. 

2.1 Requirements for Scheduling 
There are different characteristics of dynamic task environments that demand differ-
ent processing of the dynamics. Within the proposed framework dynamics is handled 
through composition of goals, the scheduling of their execution, memory for objects� 
state (situation awareness), and update of objects� state (which can be seen as one of 
the goals). 

Since providing a memory with features such as adaptive decay and partial matching 
for a situation�s objects� state can be easily achieved with modern production sys-
tems like ACT-R (Anderson & Lebiere 1998) we focus on goal scheduling. 

The task characteristics of HMS environments is either more reactive or more delib-
erative. In reactive task environments objects and associated tasks are perceived, new 
goals are generated, and executed. In the deliberative case subtasks can be postponed 
and subtasks have different urgency and priority. A memory for postponed tasks and 
strategies for scheduling them is needed.  

The resulting multiple tasking is not the same as that of Lee & Taatgen (2002). They 
report on multi-tasking in the time gaps between action in asynchronous cognitive 
subsystems. Also scheduling as a task itself (e.g. Nellen 2002) is not the scope of this 
treatment. The time resolution is much less fine than in the task described by Gray et 
al. (2000). 

For car-driving scheduling of tasks/goals does not need sophisticated algorithms 
because they are equally important. If secondary tasks like cell-phone dialing are 
added breakpoints between the tasks have to be defined (Salvucci 2001). 

In en-route air traffic control controllers have too limited resources to monitor eve-
ry aircraft on the screen. Thus they have to schedule their updating sequence, antici-
pating, and conflict resolution. Niessen et al. (1998) suggest an algorithm that takes 
inferred importance and two timing measures into account: Every object stores a 
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timestamp when it was last updated, and during anticipation a duration until an event 
(e.g. time to collision) is computed. Other examples for cognitive models with multi-
tasking exist (AMBR: Gluck & Young 2001, and Lee & Taatgen 2002) 

Most HCI problems can be formalized in hierarchical task analysis models like 
GOMS. Thus there is no need to schedule between subtasks. The situation changes 
when there are several primary tasks (e.g. Salvucci 2001) or when the displays show 
the state of a dynamic human-machine-system (e.g. air traffic control: Freed 1998) 

In aircraft piloting there are procedures to be executed. Multi-tasking and schedul-
ing are only needed on a very top level (sequencing of procedures: starting, follow-
ing way points, initiating landing). One additional requirement is the handling of 
asynchronous air traffic control commands. 

Interactive computer games: A multitude of parallel goals exist that have to be 
examined and according to the current situation postponed or pre-drawn. To do so 
the player has to take both his or her memory and the perceived situation into ac-
count. 

Process control in chemical plants: Depending on the inferred situation changes of 
goals have to be made. A major concern is to be able to suspend and to resume tasks. 
An operator model has to store the points where operation on one task was left and 
another was resumed. 

2.1.1 Timed Conditions 
If cognitive models are applied in engineering it is usually the aim to predict fre-
quencies of erroneous production selection or memory slips or execution or learning 
durations for the whole task (e.g. within the GOMS framework). But there are also 
errors according timing and thus the need not only to model adaptive sequences of 
production selection but also the use of time and duration in conditions of produc-
tions. 

An example for such a modeling demand is in process control: Sometimes a task has 
to be abandoned when too much time has elapsed. Thus duration has to be recalled in 
productions� conditions. To achieve this the system�s real time would have to be re-
trieved and stretched or compressed according to the current workload. 

2.1.2 Objects Getting More Important Over Time 
In (en-route) air traffic control scheduling depends on timing: It is important to up-
date the state (mostly position and altitude) of the objects as often as possible. But 
due to the other subtasks aircraft can only be monitored from time to time. But the 
need to update an objects� features in the mental representation gets bigger the longer 
the object has not been modified. Thus decay of activation depending on accesses to 
chunks is a contrary concept.  

Such chunks representing such special elements of the situation under supervisory 
control have to be used in a certain way: Special productions have to refresh their 
activation depending on the current need to update it. Niessen et al. achieve this be-
havior through direct manipulation of activation parameters from outside ACT-R in 
the production-cycle-hook. 
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3. Conclusions: Extensions to the Architecture 

On the basis of a brief review of this tasks and their requirements for scheduling and 
multi-tasking some needs for ACT-R can be drafted to fit it to modeling operator 
cognition in complex dynamic human-machine systems. We are currently imple-
menting these extensions for modeling process control of chemical plants. 

3.1 Linking and Embedding to Task Environment 
Although ACT-R/PM made it possible to connect a model with a task environment 
there are problems for engineering: Normally there exists a big simulation or an API 
not accessible from LISP or making it hard to create a GUI within the LISP process. 
While one can cope with this restriction (e.g. Ritter et al. 2002) it would be efficient 
to embed an ACT-R model into a high-level framework for the �normal� control of a 
system and only execute a specialized ACT-R sub model for questions like memory 
errors from there. This would help controlling a real world situation with a simple 
outer model (without ACT-R) and only pay attention to special situations for that a 
more precise ACT-R model would be built. 

Inside the ACT-R model there were less need for multi-tasking and scheduling and 
additionally communication with the task environment could be achieved through 
appropriate instantiation of chunks in the model during its start-up. 

3.2 Recall of Duration 
A new function for recalling duration information has to be added. Setting a named 
reference point that is stored as chunks in the working memory and thus can be for-
gotten or confused allows for retrieving elapsed time since setting it. 

Perception of time is depended to the workload and the �mode�: If concentrating on 
duration measurement high workload leads to underestimating, if recall is retrospec-
tive high workload leads to overestimating elapsed duration. Recall has to be possi-
ble in both modes and must be stretched or compressed according to subgoaling. 

3.3 Scheduling 
Tasks are to be represented and executed as chunks from a ACT-R �middleware� 
such as ACT-GOMS (Schoppek et al. 2000). But in contrast to ACT-GOMS it must 
include a scheduler for subtasks. They are to be marked interruptible and immediate 
during modeling time. Priority and urgency like in PDL could further guide the sche-
duling process. 

An additional requirement in chemical plant control is that some tasks may not be 
carried out in parallel with others and that there are other dependencies possible. But 
a scheduler should not take also such information into account but it had to be mod-
eled explicitly because this is an important source of control errors. 
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make accurate predictions even for basic research, this requirement may be even 
more ambitious than the first.  

In this paper, we argue that, in general, cognitive architectures can help shorten de-
velopment time as they come with a built-in structure for representing tasks that can 
help form the foundation for the model-building activity. We further argue that cog-
nitive architectures can also help address the second requirement � that of ensuring 
validity. Most cognitive architectures are based on assumptions that have been de-
veloped and tested empirically. For example, within the ACT-R cognitive architec-
ture, early theories of skill acquisition were compared against empirical data (Ander-
son, 1982). More recently, models of skill acquisition have been applied to and vali-
dated in a broader range of applications (Taatgen, 1999; Lee & Anderson, 2001; 
Taatgen & Lee, 2003). As a consequence, standard techniques for modeling learning 
of procedures from written instructions are now available.  

The problem with architectures, however, is that they are content independent and do 
not sufficiently constrain the modeling of specific tasks. Table 1 illustrates this for 
the example of decision making. Assuming that decisions can be described by some 
form of mapping from actions to conditions, and that conditions, actions, and the 
decision rule itself are mentally represented, there are a number of possibilities for 
these representations, which may occur in many different combinations. All the pos-
sibilities shown in Table 1 can be implemented in an architecture like ACT-R, but 
the architecture does not suggest what combinations a researcher should select for 
modeling a given task.  

To leverage cognitive architectures for modeling real world tasks, standard solutions 
that are architecturally grounded are needed to represent entities such as �decision 
making�, �acquisition of cognitive skills�, or �intention management�. Theoretical 
standard solutions would be formulated in the language of a specific architecture and 
empirically tested (not ad hoc) in a range of applications, thus having the status of 
theories.  

Table 1: Framework for a symbolic theory of decision making that would support modeling 
of complex real world tasks. The sinuous lines indicate that various combinations between 
representations of conditions, decision rules, and actions are possible. Solutions used in 
ACT-Fly are printed in italics. 

Condition Decision rule Action 
Class of situations 
 - classification by similarity 
 - classification by rules 

Similarity matching Method 
 - represented procedurally 
 - represented declaratively 

Specific parameters of a  
situation 

Fixed symbolic rule 

Combination of the former two 
(�situation plus exception�) 

Deduction of rule from  
general knowledge 

Single step 

 

Such theories can best be developed through tight cooperation between applied and 
basic researchers. Modeling in basic research often aims at developing architecturally 
grounded theories of certain processes, but it needs to be informed by the uses to 
which it will be put in order to be useful to applied researchers. Basic models often 
ignore how the processes they represent are influenced by real-world context. Thus, 
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from the view of the basic researcher, models of complex real world tasks are benefi-
cial because the applied model is a good test bed for the value of the theory. Also, if 
the modeler of a real-world task carefully specifies what parts of the model are de-
rived from the architecture and for what parts new solutions had to be developed, the 
basic researcher is informed about ways in which the architecture needs to be ex-
tended. 

Thus, we are arguing here that the efficiency of modeling behavior in real world 
tasks can be improved when models are developed within established architectures 
even though not all solutions to specific modeling problems can be derived from the 
architecture. For our project, we chose ACT-R as our architecture, because it is a 
widely accepted psychological theory with a broad empirical basis and a modeling 
language. On its symbolic level, ACT-R distinguishes between declarative memory, 
made up of a network of typed �chunks�, and procedural memory, consisting of pro-
duction rules. ACT-R also assumes a subsymbolic level ascribing continuous pa-
rameters such as activation or utility to each symbol. In memory retrievals, for ex-
ample, both levels determine what is retrieved. On the symbolic level, the memory 
element must match the symbolic specification of the retrieval command; given one 
or more chunks are matching the specification, the subsymbolic level selects the 
most active of these chunks and determines the retrieval latency.  

We used the ACT-R architecture to develop a model, called �ACT-Fly�, that simu-
lates the interaction between airline pilots and the flight management system when 
completing a descent. The goals for the modeling project were to (1) gain an idea of 
how long it might take to produce a model of this complex real-world task using a 
cognitive architecture and (2) determine how well this model could predict human 
performance. In developing the model, we started with GOMS task analyses and then 
implemented them in ACT-R 4.0. Some problems posed by the task could neither be 
solved with GOMS nor with standard ACT-R; thus we added minor extensions and 
modifications to ACT-R, which are described below. 

1.2 Characteristics of our modeled task 
Until recently, typical tasks modeled with ACT-R were laboratory experiments such 
as memorizing lists of words (Anderson, Bothell, Lebiere, & Matessa, 1998) or dis-
criminating previously learned statements from distracters (Anderson & Reder, 
1999); tasks characterized by clear, shallow goal hierarchies, a repetition of very 
short trials with the same underlying structure, a static environment, and low de-
mands for prior knowledge. Flying, in contrast, involves heterogeneous goals that 
may compete for limited resources. For example, the goal of monitoring the plane 
passing a critical waypoint (location in space) competes with the goal of encoding a 
new clearance from air traffic control (ATC). Also, much prior knowledge must be 
brought to the flying task.  

The specific task we chose to model is flying a simulated Boeing 747-400 from the 
end of the cruise phase to the initial approach fix using the aircraft�s automated flight 
management system. A number of different specific scenarios were flown to include 
a variety of conditions, such as different ATC clearances or descent profiles. The 
task was a vertical navigation task, chosen because this is one of most error-prone 
aspects of automated flying (see, for example, Sarter & Woods, 1992).  
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Two basic modes of automation are available for accomplishing the task: a fully 
automated mode - called VNAV - where the autopilot receives most of the reference 
values from a preprogrammed flight plan; and semiautomatic modes (referred to as 
FLCH and V/S), where the reference values must be provided by the pilot. VNAV is 
generally the preferred mode of operation because it optimizes the flight profile and 
fuel consumption. However, if ATC requires quick changes to the flight plan, the 
pilot can respond more flexibly using semiautomatic modes. In all of these modes, 
the behavior of automation and aircraft must be monitored and set points must be 
provided on time. 

Even though the range of tasks modeled within the ACT-R framework has increased 
considerably in the past several years, this task presented a number of challenges. For 
example, although the challenge of modeling dynamic tasks has been addressed in 
the past few years, resulting in models of air traffic control (Lee & Anderson, 2001) 
and driving tasks (Salvucci, 2001), the dynamics involved in the present task are dif-
ferent (relatively slow). Users typically have to wait for minutes until they can judge 
the success of a certain intervention. Because new and rather unpredictable demands 
can arise during the waiting time, multiple interleaved streams of behavior are the 
result. Thus, some of the features of the present task required us to find new solutions 
that are not obvious in the architecture and cannot be derived from existing models 
that successfully predict behavior in other tasks. 

The flying task is also difficult to validate as it is a typical supervisory control task, 
where the user must mainly observe what the automation is doing, resulting in very 
sparse records of observable behavior. This makes the comparison between simu-
lated and real behavior difficult.  

2. ACT-Fly model 

In developing our model, we drew theoretical background from a combination of 
GOMS (Card, Moran & Newell, 1983) and ACT-R. We conducted task analyses 
based on flight manuals, interviews with subject matter experts, and interactions with 
the flight simulator. These analyses produced a set of methods by which pilots use 
the flight management system to fly a descent which we represented using GOMS 
elements in an NGOMSL (Kieras, 1997) framework. We then had to develop ACT-R 
representations of those GOMS elements and NGOMSL methods and a way of trans-
lating those analyses to ACT-R code. The translation from the NGOMSL code to 
ACT-R code was accomplished through an Excel spreadsheet tool. This idea is simi-
lar to Salvucci & Lee�s (2003) �ACT-Simple�, which allows the translation of a sim-
ple modeling syntax into ACT-R. Compared to ACT-Simple with its focus on key-
stroke level processing, our solution is targeted at modeling decision making through 
a representation of higher level procedures. 

With early versions of the model, we found that when we relied entirely on methods, 
the model was too rigid to respond to unexpected events. Specifically, we found that 
the sequential structure of methods often did not match the less predictable order of 
events in the environment. Another problem with the method-only controlled version 
was the lack of situation awareness. The scope of a method is typically limited to 
local aspects of a task, and so there was no inherent need to create a �big picture�. To 
achieve more flexibility and better situation awareness, we introduced an additional 
level to the control structure that operates in a non-sequential, rule based manner. In 
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the terms of Table 1, situations at this level are classified by rules, decisions are also 
made by a fixed symbolic rule, and the actions taken are either single steps or the 
execution of a method.  

Level 1

Level 2

Level 3Goal stack

end

Operators

Steps

Method

production x

method
desire

resultsit2

sit1

op

result

current_step

 

Figure 1: Declarative structures of ACT-Fly. The structure at the top represents a method. 
The structure at the bottom shows the goal stack. Level 1 and Level 2 are holding one goal 
chunk each. The goal chunk on Level 2 has its slots filled with chunks representing the situa-
tion (e.g. the current method) and current setpoints ("desire"). Results are passed across the 
levels. 

The model communicates via a TCP/IP socket connection with a PS1 747-400 desk-
top flight simulator manufactured by Aerowinx. The model writes its commands and 
requests to a socket and reads answers from it. Likewise, the connection software 
reads commands and requests from the socket, forwards the commands to the simula-
tor, gets the requested values from the simulator, and writes them to the socket. 

Technically, the model is divided into three parts. A domain independent part con-
tains generic operators and functions that handle the execution of hierarchical meth-
ods and the management of intentions. A domain specific part contains domain 
knowledge such as methods and rules. The third part contains the interface to the 
external environment. The benefits of this separation are that the general part can be 
used for modeling other tasks (done e.g. by Holt, Hansberger, Chong, & Boehm-
Davis, 2002, and Schoppek, 2002), and that, to a certain extent, the general part can 
be improved without changing the domain specific parts. 

The activities demanded from the pilots range from situation-specific decision mak-
ing (e.g. deciding which mode to use for a specific leg1) to the execution of standard 

                                                 
1 leg: the flight path between two waypoints 
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procedures (e.g. entering an altitude restriction into the flight management com-
puter). To account for this variety of actions, ACT-Fly's control structure was based 
on a goal stack limited to three levels with a clear division of responsibilities among 
the levels. Each of the levels is represented by a goal chunk of a specific type (chunk 
is the ACT-R term for a declarative memory element).  

Level 1 is the bottom level. It can be characterized as the decision making level. At 
this level, rule-based decisions are made as to what goals are pursued and what 
methods are selected to accomplish these goals. Level 1 also serves as the goal man-
ager for Level 2. Finally, Level 1 contains some basic problem solving productions. 
The goal chunk representing this level stores molar information about the situation, 
such as the phase of flight, the position of the aircraft in the flight plan, or the status 
of ATC clearances. 

Level 2 can be characterized as the method level. It is the level of operation described 
by frameworks like GOMS. Similar to GOMS, our methods consist of operators, 
subgoals, and decision steps. Level 2 can execute hierarchical methods of virtually 
any depth on one level. This is possible because subgoals are not stacked on top of 
each other. Rather, superordinate goals are released to memory and retrieved later on. 
Storage and retrieval of goals are handled on Level 1. This design has several advan-
tages. First, the concept of a goal stack has been criticized for providing unrealisti-
cally perfect memory for goals (Altmann & Trafton, 2002). In ACT-Fly, goals do not 
simply appear on top of the goal stack once the previous goal has been popped, but 
must be retrieved from memory - a process that can fail and can predict certain types 
of errors. Second, as control is returned to Level 1 after the execution of each sub-
method, the course of action can be corrected during the execution of a long, nested 
method. With a more traditional goal stack, the system would be �blocked� for the 
time such a method is executed. Although Altmann & Trafton (2002) also argue that 
suspended goals are subject to decay, their model does not explicitly allow a mecha-
nism for interrupting the execution of a current task to perform an alternate task. 
Thus, our solution makes the model more flexible and ready to handle interruptions. 

Most steps within methods are represented as declarative chunks linked through as-
sociations. Thus, the retrieval of the next step is cued by the current method and the 
previous step, but is not constrained symbolically. That enables the model to produce 
errors of omission and of commission in the execution of methods. Another advan-
tage of the associative linking of steps is that methods are learned �by doing�, using 
ACT-R�s associative learning mechanism. This representation of procedures is not 
standard in ACT-R modeling, but there is some evidence supporting this assumption. 
For example, Byrne and Bovair (1997) explained their findings on the �post-
completion error� with a spread of activation from one step to the next; successful 
models of associative sequence learning also exist (Altmann, 2000; Lebiere & Wal-
lach, 2001). Using the execution of one step to cue execution of the next step through 
associations between the two steps corresponds best to an intermediate state of profi-
ciency as it is expressed by Rasmussen�s (1986) rule-based behavior. However, that 
is not the only mechanism available for representing procedures in our model; it was 
also possible to integrate completely proceduralized sections into a method to be 
executed as a whole. The ACT-Fly methods serve different functions. There are 
methods that perform input operations to the automation, methods that do mental 
calculations with flight parameters to support decisions, and methods that return 
classifications of the current situation to maintain situation awareness.  
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We assume three basic types of operators, which are part of every step. (The separa-
tion of steps and operators allows the occurrence of the same operator in multiple 
steps.) Internal operators perform memory operations, comparisons, or mental calcu-
lations; they are represented as single production rule. External operators perform 
actions such as pressing buttons or dialing values. Perceptual operators provide rep-
resentations of the environment such as current values read from displays or ATC 
clearances.  

Level 3 represents the interface between central cognition and peripheral systems. 
Since ACT-Fly does not simulate perceptual or motor processes in detail, input-
output operations are modeled on an abstract level. When the model requests infor-
mation from the environment, a specialized chunk is pushed on Level 3, completed 
with the requested information (through the TCP/IP-socket connection with the flight 
simulator), and the results are transferred to the goal chunk of Level 2. Similar steps 
are performed for motor commands. After being cleared from the goal stack, the I-O-
chunks remain as episodic traces in memory.  

Our solution of a goal stack with three levels has similarities with the �memory for 
goals� approach by Altmann & Trafton (2002) (which in the meantime has become a 
standard modeling technique in ACT-R). In particular, goal processing at Level 2 
complies with Altmann & Trafton�s approach. However, assuming separate levels 
for problem solving, procedural processing, and perceptual-motor processing made 
modeling of our complex task much easier. We believe it reasonable to assume that 
goals corresponding to different levels do not interfere with each other when a pend-
ing goal is retrieved from memory. Moreover, the goals of Level 3 never stay there 
for longer short periods of time, making it plausible that the pending goal on Level 2 
is virtually always retrieved correctly. 
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3. ACT-Fly�s predictions and performance 
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Figure 2: Flow chart of the central method of ACT-Fly that decides what mode to use for a 
given descent leg. The boxes represent goals for which ACT-Fly has appropriate methods. 

Central to the behavior of the ACT-Fly model is a method that decides what mode of 
the flight management system to use for a given leg. A flow chart of this method is 
depicted in Figure 2. This was an area where it became clear that existing models in 
current architectures could not provide guidance about how to represent this task. For 
our model, we interviewed several subject matter experts and discovered several al-
ternative methods that could have been used. From these reports, we abstracted the 
method shown in Figure 1, which is more explicit and simpler than any individual 
model described by an expert. ATC-clearances and situations in which a waypoint 
gets close can trigger execution of this method. Our goal was to determine how well 
the use of this single abstracted model could account for typical pilot behavior.  

Performance of the ACT-Fly model was assessed by flying informal as well as stan-
dardized simulated scenarios. In these scenarios, the model ran on one computer, the 
flight simulator on a second computer. Most of the communication between the pro-
grams was handled through an TCP/IP socket connection. Only a few values from 
the flight simulator had to be entered manually on request of the model; ATC clear-
ances were entered manually, too. Most scenarios started with the simulated aircraft 
being close to the �top of descent point� calculated by the flight management system. 
ACT-Fly recognizes the situation on its own initiative. Time synchronization was 
accomplished by letting ACT-Fly, which usually runs faster than the flight simulator, 
wait for the simulator when its simulated time was more than five seconds ahead of 
real time.  

Figure 3 shows the results of simulations of two descent scenarios. For each scenario, 
we ran six simulations. As can be seen from the mean deviations around each data 
point, there was little variability in model performance. Generally, the model flew 
the desired paths precisely. In the scenario without ACT-clearances, the model se-
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lected the VNAV mode for most of the legs, except for the leg between BOLDR and 
MENLO, where FLCH was used. In the second scenario, where a clearance was is-
sued after the top-of-descent point (T/D) had been passed (making VNAV an inap-
propriate mode choice), the model selected the semiautomatic FLCH mode right af-
ter the clearance. 

 

 

0 
5000 

10000 
15000 
20000 
25000 
30000 
35000 
40000 

Flight according to plan 

0 
5000 

10000 
15000 
20000 
25000 
30000 
35000 
40000 

0 20 40 60 80 100 120 140 

T/D Cruise BSR CARME ANJEE BOLDRSKUNK MENLO 

route (nm)

Planned path Mean altitude of simulated flights with mean deviations 

waypoints

Flight with ATC-clearance 
at short notice (after T/D) 

altitude 
(feet) 

Figure 3: Flight paths of simulated flights in two scenarios (six simulations in each sce-
nario). The upper panel shows data from a scenario without ATC clearances, the lower 
panel data from a scenario with the clearance �Cross ANJEE at 16000�. 

In all twelve simulations, each consisting of approximately 16 simulated minutes and 
1300 production firing cycles, four errors of omission occurred. One of these caused 
the large deviation at waypoint MENLO visible in the lower panel of Figure 2, be-
cause the model could not recover from the error and failed to update the altitudes in 
the mode control panel. Although the single complete failure to recover out of four 
errors of omission is too low for a stable estimation, we think that this proportion is 
much worse than what is found in humans (Reason, 1990). Observations from our 
informal testing support this view.  

The model committed a number of other errors; these impaired performance more 
gradually. For example, there were three cases where the model failed to resume a 
deferred action (intention). In general, error recovery was best when the method in 
which the error occurred was directly triggered by the identification of a relatively 
stable situation (initiated by Level 1 of the control structure). Error recovery was 
worse when the affected method was triggered by another method (initiated by Level 
2), and when it was triggered by a transient situation. 
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