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ABSTRACT 

In medical diagnosis there is considerable inter- and intra-physician variability in 

performance. Reasons for this are incompletely understood. In these studies our goal was 

to test the reliability and validity of a tool to measure knowledge structure that would, in 

turn,' allow us to explore the relationship between knowledge structure, expertise, 

diagnostic reasoning strategy and diagnostic success. Our results suggested that in both 

novices and experts the odds of diagnostic success varied between domains and were 

related to the diagnostic reasoning strategy used. In novices the odds of diagnostic 

success were increased by having deep knowledge structure. The odds of deep 

knowledge structure varied between domains, were higher for males, and were increased 

by preceptors using schemes during small group sessions. Our results suggest that tools to 

evaluate medical knowledge structure may be useful in medical education and that 

cognitive strategies, such as schemes, are effective in improving knowledge structure. 
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I know of no more encouraging fact than the unquestionable ability of 

man to elevate his life by conscious endeavour. 

Henry David Thoreau 
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CHAPTER ONE: INTRODUCTION 

The Challenge Of Medical Diagnosis 

Medical diagnosis is a protean challenge. The spectrum of task difficulty ranges from 

ridiculously simple to extremely challenging to impossible. An example of the latter is 

trying to diagnose a disease that has not yet been described; a challenge that faced 

physicians confronted with AIDS patients prior to the early 1980s when the HIV virus 

was identified. Variability in the clinical features of disease adds to the diagnostic 

challenge but does not in itself adequately explain the variability in diagnostic 

performance. It has long been observed that some physicians appear to be 'better' 

diagnosticians than others. Physicians are also aware that when it comes to diagnosing 

they have areas of strength and areas of weakness. What explain this inter- and intra-

phycian variability? Is it what we know, how we use it, both, or some other, unrelated 

faotrs? 

This chapter reviews the literature on how medical knowledge is stored in 

memory and the ways in which medical knowledge structure can be studied. The 

literature on medical problem solving is then reviewed, specifically diagnostic reasoning, 

and the ways in which this can be studied. The relationship between stored medical 

knowledge and the application of medical knowledge during the process of diagnostic 

reasoning is also reviewed. The studies that follow were designed to test the reliability 

and validity of a tool for measuring knowledge structure which could, in turn, be used to 

further explore the relationship between what we know (medical knowledge structure), 

how we use it (diagnostic reasoning strategies) ± other, unrelated factors and the 

[surrogate] end-point of diagnostic success. 
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How Can We Identify The Structure Of Medical Knowledge? 

In reality it is not possible to be certain as to the structure of knowledge in memory. The 

closest we can come to knowing this is to formulate hypotheses on how we believe 

knowledge to be structured and to then test and refine these hypotheses. The dominant 

hypotheses to explain structure of medical knowledge in memory are discussed in the 

next section. Here the discussion is, firstly, on the variety of techniques available for 

extracting information on knowledge in various domains and, secondly, on the 

applicability of these techniques to the study of medical knowledge structure. 

Our understanding of knowledge structure has been advanced by research in 

cognitive science and, in particular, the area of artificial intelligence (AT). 'Expert 

systems' is an evolving branch of Al in which the goal is to create a system that can 

repro,duce the cognitive abilities of an expert. The major task facing knowledge engineers 

in epert system design is deciding what knowledge to encode. This is in turn limited by 

their ability to extract knowledge from experts. The need to understand the structure of 

experts' knowledge for this purpose has contributed greatly to how we perceive 

knowledge to be organized. Quite early in the development of expert systems it was 

realized that there were different types of knowledge. Experts appear to have stored rich 

representations of not only facts [or objects], but of relationships between facts in 

addition to a set of inference rules that connect constellations of facts for use in problem 

solving situations (inferences may work in either forward or backward manner).' The 

ultimate goal of knowledge extraction is to explain knowledge offacts, relationships and 

inferences. 

There are a variety of [reliable and validated] techniques available for examining 

knowledge structure. Before describing these, however, it is important to highlight the 

three 'touchstone' questions that must be asked of any technique before deciding whether 

or not it is applicable to answer any given research question. These three questions are: 

1. What information is required (knowledge offacts ± relationships ± inferences)? 

2. What is the perceived knowledge structure in this domain? 

3. What is the nature of the task, e.g., can knowledge ± structure be verbalized? 
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Techniques Available For Studying Knowledge Structure 

The techniques available are traditionally divided into direct and indirect techniques, 

although there is often overlap between the two. For a more detailed description of these 

techniques see reference 1. 

Direct Techniques 

Direct techniques can provide information on all aspects of knowledge and knowledge 

structure, including facts, relationships and inferences. All of the direct techniques 

require introspection and articulation by the study participants. They, therefore, assume 

that the knowledge can be verbalized. Some knowledge structures, e.g., musical 

knowledge, cannot be verbalized and cannot, therefore, be studied in this way. Unlike the 

indirect techniques described below, direct techniques that are 'free form' do not make 

any as,sumptions about knowledge structure. Some of the available direct techniques are: 

Interview 

This is the ultimate 'free from' technique where participants are asked to describe 

important facts in the area of interest and describe relationships between facts along with 

inferences they make when solving problems in this area. Free form techniques like this 

can elicit unforeseen information. The down side is that introspection and articulation are 

not always possible and the technique is time consuming. 

Questionnaire 

This is more time efficient than interviews and perhaps less threatening to participants. 

This technique is less free form than interview and is, therefore, less likely to yield 

unforeseen information. One advantage over interview is that it can elicit uncertainty 

information using response scales such as visual analogue or Likert scales, which are 

more reliable than verbalized probabilities. 

Observation Of Task Performance 

Here the participant is observed performing a [real or simulated] task. A decision is made 

about how to record the participant in action. An observer can quietly watch and take 
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notes or the participant can be recorded by videotape for later review. The down side of 

the former is time pressure when both observing and recording, in addition to possible 

observer bias. The down side of the latter is the questionable ability of participants to 

recall at a later time the reasons underlying their performance. 

Protocol Analysis 

Here participants engage in realistic tasks in the domain under study. The participants are 

video-recorded (or audio-taped) and are asked to 'think out loud', stating their goals, 

methods, and what they are 'seeing'. Inferences are then drawn from transcripts. The 

advantage of this technique is the lack of delay between thinking and reporting. One 

potential downside is that by asking participants to provide a running commentary the 

nature of the task may be changed if, for example, commenting on aspects not normally 

attended to usurp resources normally devoted to the task itself. The technique as 

described here is referred to as 'on-line' think aloud. There are modified versions of this 

technique, such as post-hoc think aloud, that are described below. 

Interruption Analysis 

This is an adaptation of protocol analysis where participants proceed without thinking 

aloud until a point is reached where it is not clear to the observer what is happening. At 

this point the participant is stopped and asked to explain goals, methods, etc. While this 

technique may be less usurping than protocol analysis, it introduces more observer bias 

and it may be difficult to restart the process when it has been interrupted. 

Drawing Closed Curves 

Although this technique involves verbalization it has all the hallmarks of an indirect 

technique. It provides information only on the relationship between facts. During this 

technique participants are given facts or objects and asked to demonstrate factual 

chunking by drawing closed loops around similar facts. This technique assumes physical 

space representation is the underlying knowledge structure (see below). 
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Inferential Flow Analysis 

This is also a hybrid technique that involves asking directed questions of the participant 

in order to explain inferences. The observer then converts this information into a 'causal 

network'. When an inference is mentioned a line is drawn in the causal network. Each 

time after this the same inference is mentioned the line increases in weight within the 

netwbrk. This technique implies that underlying knowledge structure is organized in a 

network fashion and provides information of inferences alone. 

Indirect Techniques 

Indirect techniques provide information on relationships between facts only. They all 

make some assumption about underlying knowledge structure. This information needs to 

be gleaned beforehand using a free form technique, such as those described above. 

Unlike direct techniques these do not require verbalization of knowledge or task. 

Interpreting the results of indirect techniques involves making inferences on what the 

participant must have known. Before describing the indirect techniques it is important to 

consider the various ways in which [medical] knowledge can be structured:2 

1. Lists. This is how we might remember the seven criteria for diagnosing rheumatoid 

arthritis. 

2. Tables. This is how we might remember the features of types 1, 2 and 4 renal 

tubular acidosis. 

3. Decision trees. This is how we might remember to check the blood pressure of a 

patient prior to renewing a prescription for estrogen replacement. 

4. Hierarchies. This is how we might remember infectious organisms, e.g., Staph 

Aureus is a bacterium/Gram-stain positive/cluster forming/coagulase-enzyme positive. 

5. Networks. This is how we might remember related clinical features, e.g., a light-

headed patient might be expected to have postural tachycardia and hypotension. 

6. Physical space. This is how we might remember the examination manoeuvres that 

demonstrate splenomegaly. 

7. Physical models. This is how we might remember the causes of reverse splitting of 

the second heart sound. 
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Some of the available indirect techniques are: 

Multidimensional Scaling 

This assumes underlying knowledge structure is organized in physical space. The 

technique starts with grading similarity ratings by pairwise comparisons of all facts 

presented. This information is then organized into a 'similarity' matrix that can be 

displayed as a table or graph. Problems arise when the number of facts is large because 

this creates a large number of pairwise comparisons. 

Johnson Hierarchal Clustering 

This assumes underlying knowledge structure is hierarchal. The similarity matrix is 

constructed as for multidimensional scaling but, rather than grading similarity, the 

scorip is all or none (similar or not). The more similar facts are, the more clusters they 

will"have in common. Clusters are then compared in the same manner by making a 

somewhat arbitrary decision on whether to choose the maximum, minimum or average 

similarity between clusters. 

General Weighted Networks 

This assumes underlying knowledge structure is a network. The similarity matrix is 

constructed as for multidimensional scaling. From the similarity matrix a 'minimal 

connected network' is drawn, followed by a 'minimal elaborated network'. The network 

can then be examined for 'dominating concepts' and 'members of a circle'. 

Ordered Trees From Recall 

This assumes underlying knowledge structure is in the form of ordered trees and that 

participants recall all items from a single stored cluster before moving to recall from 

another cluster. Usually between 10 and 20 recall trials per domain are required to give a 

consistent pattern of recall. The consistent recall patterns are converted into lattices of 

chunks, which then form an ordered tree. 
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Repertory Grid Analysis 

This assumes underlying knowledge structure is hierarchal. It is a combination of direct 

and indirect techniques and can, therefore, provide information on facts, relationships and 

inferences. During a focussed interview the participant names facts or objects in the 

domain under study. The participant is then asked to provide a similarity rating for these 

facts in such a way that all facts are rated against all the other facts by making decisions 

on clustering and similarity rating dimensions. 

Concept Sorting 

This assumes underlying knowledge structure is hierarchal. Participants are asked to 

chunk similar facts together. 3;4 They are then asked to repeat the chunking process for 

each of the initial chunks. This process is repeated as many times as desired. The process 

of chunking and sub-chunking can then be displayed as a hierarchy. 

Of all these (and more) techniques available there is no single superior method. 

Each method has advantages and disadvantages depending upon the desired information 

and setting. The methods have not been compared systematically in a head-to-head 

fashion and there is no 'gold standard' that new techniques can be compared against. 

Combining techniques may provide additional information and it is often usefuf, 

therefore, to combine appropriate techniques, for example one direct and indirect 

technique. 

Techniques That Are Appropriate For Studying Medical Knowledge Structure 

Applicability of these techniques to the study of medical knowledge structure depends 

upon the assumptions that each technique makes. Studying medical knowledge structure 

would be far easier if there was a uniform structure to medical knowledge but, 

unfortunately, this appears not to be the case. Medical knowledge structure varies with 

experience and between domains. Storing information as lists may be common in novices 

but appears to disappear with experience. Some lists, however, are resilient and survive in 

the memory of experts such as the 'MIJDPILES' mnemonic for causes of anion gap 

acidosis. With gaining expertise there is evidence of network formation, initially in an 
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elaborated format that becomes more compiled with experience. 5;6 In some domains that 

are fortunate in having highly structured knowledge, such as nephrology, hierarchal 

organization appears to dominate [in experts].7 Other domains, such as psychiatry, appear 

less structures and more difficult to categorize.8 Medical knowledge can, in general, be 

verbalized and the free form direct techniques (that do not assume knowledge structure), 

such as interview, questionnaire, observation of task performance, protocol analysis, and 

interruption analysis can be applied to medical knowledge structure. If the underlying 

structure is assumed to be a network then inferential flow analysis can also be applied. As 

for the indirect techniques, Johnson hierarchal clustering, general weighted networks, 

ordered trees from recall, repertory grid analysis, and concept sorting may be applicable 

depending upon the assumed underlying knowledge structure. If the aim is to study only 

relationships between facts then the indirect techniques may suffice. If additional 

information is required, e.g., inferences used in medical problem solving, then some form 

of direct technique is required. 

How Is Knowledge Structured? 

Experts in medical and non-medical domains appear to have rich representations of the 

components of knowledge: facts [or objects]; relationships between facts; and inference 

rules that connect facts and relationships for use in problem solving. The dominant 

cognitive psychology theory to explain knowledge structure is 'schema theory', which 

states that all knowledge is organized into schemata.2 Schema theory was advanced at a 

time when a great deal of cognitive science research was focused on the creation of 

expert systems and significant cross-pollination occurred between the different branches 

of cognitive science. Computer or expert system analogies are often used to help explain 

and illustrate the principles of schema theory. In schema theory, two types of schema are 

recognized; state schema and process schema. State schemata contain knowledge 'of or 

about' something and are analogous to the data files on a computer hard drive. Process 

schemata contain knowledge of 'how' and are analogous to the executable files on a 

computer hard drive. 
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Schema theory recognizes three types of knowledge: declarative; procedural; and 

conditional knowledge. Declarative knowledge is knowing 'that, of or about' something. 

This type of knowledge is contained in state schema (see above). Connections between 

components of declarative knowledge may be semantic, where objects are grouped on the 

basis of similarity [in 'meaning'], e.g., Wegener's granulomatosis and microscopic 

poly.ngiitis, both of which cause a small-vessel vasculitis that may cause acute renal 

failure. Alternatively, connections may be episodic where objects tend to occur together, 

e.g., diabetes and hypertension. Procedural knowledge is knowing 'how' to do something. 

Procedural knowledge is dependent upon declarative knowledge, but here the objects are 

purposefully arranged in an order-specific and/or time-dependent manner. Consider, for 

example, insertion of a central line. Declarative knowledge of the components, e.g., 

venous anatomy, guidewire, tissue-dilator, etc, is required, but the actual knowledge of 

how to insert the line is procedural. Procedural knowledge is contained in process schema 

(see"bove). The third type of knowledge, conditional knowledge, is knowing 'when and 

why'. When inserting a central line both declarative and process knowledge are essential, 

but to be able to do this safely and successfully also requires conditional knowledge that 

provides 'f and then' specifications, e.g. if arterial blood then remove the needle, if 
venous blood then introduce the guidewire. Conditional knowledge is also contained in 

process schema. 

The close similarities between schema theory and expert systems can be seen in 

the recognition of the components of knowledge: 

Schema theory 

Declarative knowledge 

Procedural knowledge 

Conditional knowledge 

Expert system design 

Objects 

Relationships 

Inferences 

The essence of schema theory is, therefore, that knowledge is organized into files 

or schemata. These schemata are our frame of reference for perception and are 

continually being modified as a result of new experiences and learning. Prior to schema 

theory, perception had been considered as a passive process, analogous to seeing the 
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world through the lens of a camera.9 According to this theory, perception was merely 

receptive, non-selective and driven by the event taking place. This can be described as 

'bottom-up', i.e., what is actually taking place drives what is perceived as taking place. 

Schema theory proposes that existing schemata direct perception (or information input). 

Rather than being a passive reflection of reality, perception is an active, constructive and 

selective process that is driven by existing schemata. This can be described as 'top-

down', i.e., what has been seen before (and can act as a frame of reference), drives what 

is perceived as actually taking place. Consequently, it can be stated that perception is 

partly a function of existing knowledge. This existing knowledge is contained within 

schemata. Consider an experienced respirologist and a first year medical student 

reviewing the same X-ray. The respirologist can determine in less than 30 seconds that 

this patient has left ventricular failure whereas the medical student could take 30 minutes 

and still not get the diagnosis correct despite viewing the same information. For the 

Res'pirologist this situation had been encountered before and the information stored in 

schemata from which it could be retrieved to direct perception. The medical student 

lacked this stored information. Schema theory proposes that without schema, perception 

is not possible. In turn, without perception, learning is not possible. Schemata, therefore, 

aid comprehension (information processing), learning and recall. 

Schemata are fluid rather than rigid structures. As mentioned above, schemata are 

being continually modified as a result of new information, i.e., the process of learning. 

Schema theory recognizes three forms of schemata modification as a result of learning: 

accretion; tuning; and restructuring. Accretion is adding new knowledge to existing 

schema. Accretion might occur when a new disease is encountered, either directly or 

indirectly, for the first time. The differential for fever and reduced level of consciousness 

in a Canadian now includes the West Nile Virus. Prior to 2002 this had not been 

described in Canada and is unlikely, therefore, that this diagnosis existed in the 'causes of 

encephalitis' schema of Canadian physicians prior to this time. Tuning is modifying an 

existing schema to incorporate new concepts. An example of this is would be the reaction 

to discovering that 13-blockers reduce mortality in patients with left ventricular failure. 

Prior to this the use of 13-blockers was contra-indicated in such patients. The likely 

reaction here would be to modify the schema for 'treatment of left ventricular failure' 
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such that 'stop /3-blocker' is changed to 'start /3-blocker'. Restructuring is when existing 

schemata are completely reorganized or abandoned. An example of this would be the 

reaction to discovering that products of one micro-organism (penicillins) can be 

introduced into humans to kill another micro-organism. The existing 'how to treat 

infections' schema is beyond repair and needs to be abandoned or completely 

restructured around the new information. 

Schema theory states that there are different types of knowledge, that these types 

of knowledge are structured (in units called schemata), and that the knowledge structural 

units are fluid. Schema theory, however, does not describe what the actual knowledge 

structure looks like for any given domain. 

How Is Medical Knowledge Structured? 

There, is general agreement (in favour of schema theory) that medical knowledge is 

structured. There is less agreement on what the actual structure(s) look like, i.e., how 

medical 'facts' are related to each other. While some pockets of medical knowledge 

might be stored as lists, in general a more elaborate structure is required given the amount 

of medical knowledge that the average practicing physician has. It is commonly believed 

'that the dominant structure relating medical facts is some kind of network. A point of 

disagreement is the basis upon which links are made in the network. Links may be, 

semantic or episodic/temporal. Norman likens this to storing medical knowledge as 

diseases or syndromes.'° The concept of a 'disease' implies consideration of underlying 

pathophysiological mechanisms. For example, type 1 diabetes, Hashimoto's thyroiditis 

and Addison's disease may be grouped together as they are caused by auto-immune 

destruction of endocrine glands. The concept of a syndrome, by contrast, considers the 

temporal association of clinical features rather than considering underlying 

pathophysiology. For example, chest pain and dyspnea occur simultaneously in a large 

group of cardiac and respiratory conditions with dissimilar pathophysiology. 

Semantic Links In The Medical Knowledge Network 

Evidence in favour of semantic connections in memory is offered by Feltovich." He 

observed that when experts [in pediatric cardiac surgery] are presented with clinical 

features they do not consider a single disease but, rather, a group of diseases with similar 
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pathophysiology. He referred to this group as a 'logical competitor sets' (LCS). An 

example of this would be grouping valvular, subvalvular and supravalvular aortic stenosis 

into an LCS. Other researchers have confirmed that during problem solving experts tend 

to generate a group of hypotheses that are similar in their pathophysiology. 12 This 

grouping structure goes by a variety of synonyms, such as LCS or 'small worlds', which 

esseiitially correspond to state schemata. Bordage hypothesized that stronger 

diagnosticians would have greater number of connections (semantic axes) in their 

knowledge structure and that they would organize symptoms and signs in a semantic 

fashion. He was able to support this hypothesis by demonstrating a positive relationship 

between the number of semantic qualifiers used during data interpretation and the 

likelihood of diagnostic success in both novices and experts.5 Semantic qualifiers are felt 

to represent the way in which information is processed to match knowledge stored in 

menry and can, therefore, be considered as a surrogate for semantic axes. This finding 

has 'been interpreted as evidence that greater semantic structure of knowledge in memory 

increases the likelihood of diagnostic success. 

Internal Structure Of State Schemata Formed On The Basis Of Semantic Links 

If medical knowledge is organized semantically into state schemata, the question still 

remains as to the internal structure or 'rules for inclusion/exclusion'. It was initially 

thought that schemata would have explicit membership rules, similar to the rules that 

book chapters and 'medical diagnosis lists' appear to follow. If this were the case then all 

diagnoses would be considered as equal and there would be distinct boundaries between 

categories. For example the 'causes of anemia' schema may contain all known causes of 

a hemoglobin level lower than the laboratory reference range. Prototype theorists 

proposed an alternative structure based upon similarity of diseases. They propose that 

knowledge in schemata is structured around prototypes, such as diabetes mellitus, the 

prototypical endocrine disease. These prototypes come to represent the schema as a 

whole. Other diseases are stored in the same schema as diabetes mellitus if they are 

considered in some way similar. In an elegant series of studies Bordage provided 

supporting evidence for the prototype framework by demonstrating that different diseases 

are not considered as equal but, rather, differ widely in their 'typicality ratings', i.e., how 
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similar they are to the schema prototype.'3 He also demonstrated that information on 

prototypical diseases appears to be retrieved more rapidly and more accurately from 

memory than information on less typical diseases. Another notable finding was that 

schemata differed widely between individuals. This is consistent with the notion that they 

are formed on the basis of an individual's rating of similarity (derived from their unique 

clinióal experience) rather than logical rules. Subsequent work by Papa supports the 

prototype framework for knowledge structure by demonstrating that the closer a clinical 

presentation is to the prototypical description of a disease (and, hence, the structure of 

knowledge in memory), the greater is the likelihood of diagnostic success. 14 

An alternative internal structure is suggested by Mandin who proposes that 

knowledge of experts [in some domains] is organized into a hierarchal structure, referred 

to as a 'scheme' . Rather than a collection of individual categories (state schema) he 

proppses that there are large categories (representing the 'big picture') and that, within 

these- large categories, there are a series of smaller subcategories (representing the 

'smaller pictures'). In nephrology, for example, experts may store the diagnosis of acute 

glomerulonephritis in the subcategory of "intra-renal causes of acute renal failure". This, 

in turn, would be stored in the larger category of "causes of acute renal failure". Rather 

than being identical in every domain expert, it is likely that the hierarchal structure is 

partly communal and partly idiosyncratic. Evidence of this type of hierarchal knowledge 

structure is also present in non-medical domains. '5 

Episodic/Temporal Links In The Medical Knowledge Network 

Grant and Marsden believe that there is no uniform knowledge structure in the memory 

of experts. Rather, expertise is related to 'seeing' personal relevance in clinical 

information and referencing this with highly individualized memory structures. 16 They 

support this view by demonstrating little overlap in the actual interpretation of clinical 

information between experts in the same domain. Schmidt and Norman, fellow 

supporters of this 'exemplar theory', believe that expert knowledge structure comprises 

temporal links between facts such as clinical context and clinical features (symptoms, 

signs, test results, etc). 17 These structures are referred to as 'scripts' and it is proposed 

that, through clinical experience, experts [subconsciously] form and modify 'illness 
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scripts'. A major difference between scripts and prototypes is that the former is based 

upon what a disease actually looked like, while the latter is based upon what a disease 

should look like. Illness scripts can be supplemented by 'instance scripts', formed on the 

basis of a single vivid experience, e.g., a rare or interesting case. Exemplar theory 

supports the notion that rather than a common knowledge structure in the memory of 

expefts, the process of organizing knowledge into scripts, based upon unique clinical 

experience, leads to highly idiosyncratic knowledge structure in the memory of experts. 

Internal Structure Of State Schemata Formed On The Basis Of Episodic/Temporal 

Links 

Schmidt and Norman propose three components of a script: 

1. Enabling conditions (e.g., demographics, location). 

2. Consequences (clinical features). 

3. Fault (simplified pathophysiology). 

Evidence to support the presence of a script structure of state schema comes from a study 

by Norman in which he demonstrated that, when asked to recall unstructured information, 

experts, unlike novices, reorganize this information into a script format.'9 Further 

evidence of the importance of contextual information (required for script formation, but 

not prototype formation) comes from demonstrating that experts perform like novices if 

deprived of contextual information and that they recall (and, by implication, use) 40% 

more contextual information than novices. 20 In scripts, pathophysiology is down graded 

(or omitted), unlike prototypes where similarity ratings are at least partly based upon 

pathophysiology. The finding that experts appear to use less overt knowledge of 

pathophysiology when solving routine problems is supportive of script-like knowledge 

structure. 21 

¶ The term 'illness script' as used by Schmidt represents a knowledge structure rich in 

contextual information and poor in pathophysiological information. 17 This is different 

from 'illness script' as used by Barrows to describe the problem representation produced 

during diagnostic reasoning that emanates from pathophysiological knowledge. 18 
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Evolution Of Expert Knowledge Structure 

Proponents of semantic linkage and episodic/temporal linkage agree on one point; it is 

likely that the knowledge structure of experts evolves over a period of time as a result of 

clinical experience. 

Evolution Of Semantic Expert Knowledge Structure 

Bordage proposes four stages on the way to developing the medical knowledge structure 

of an expert:6 

1. Reduced knowledge. This is the characteristic knowledge structure of novices. There 

are an insufficient number of facts to allow the creation of a network structure. 

2. Dispersed knowledge. Through the process of learning the 'advanced novice' 

acquires sufficient facts and forms links between these facts. Some semantic links 

have been created but not enough to allow the formation of a network organizational 

structure. 

3. Elaborated knowledge. As trainees progresses through residency they are able to 

organize medical facts, relating to symptoms and signs, into a network of semantic 

axes. 

4. Compiled knowledge. Through years of experience the expert has modified the 

previously elaborate network of semantic axes. Their network is now highly 

organized to allow for a rapid and dynamic process of diagnostic reasoning. 

It is proposed that through a combination of acquiring basic science knowledge 

and clinical experience, semantic axes are formed and gradually strengthened and refined 

into expert networks. 

Evolution Of Exemplar Expert Knowledge Structure 

Schmidt and Norman propose four stages in the 'stage theory of clinical reasoning': 17 

1. Elaborated causal networks. This is the equivalent of stages 1-3 in the description 

above and is the result of textbook and basic science learning. 

2. Abridged causal networks. This is equivalent to the transition from steps 3 to 4 above 

and is the result of clinical experience. Shortcuts emerge in the network such that less 



16 

knowledge is activated during problem solving (relevant knowledge only). The 

network is now a compilation of high-level concepts, rather than all available 

knowledge. 21 

3. Illness scripts (see footnote on page 21). These develop simultaneously with abridged 

networks as a result of clinical experience. Causal (or pathophysiological) links are 

replaced by temporal and clinical links, such as context and clinical features. 

4. Instance scripts. These are a supplement to structures 1-3 and develop alongside the 

other structures. Memory of previous patients is retained as individual entities, e.g., a 

single vivid case. 

It is proposed that through acquisition of basic science knowledge stage 1 is reached. 

Through extensive clinical experience stages 2,3 and 4 are attainable and the preferred 

knowledge structures (for recall during problem solving) are illness and instance scripts. 

How Can We Improve The Structure Of Medical Knowledge? 

If experts have a different knowledge structure than novices, then a primary goal of 

medical education should be to facilitate the transition from novice to expert knowledge 

structure. The answer to the question posed has two components. The first component 

deals with unconditional strategies that are effective, irrespective of how knowledge is 

truly organized in the expert's mind. The second component deals with strategies that are 

conditional upon how we believe knowledge is organized. 

Unconditional Strategies 

Experts can effectively store and retrieve information from long-term memory. Features 

of the learning experience that influence storage and retrieval are: meaning; encoding 

specificity; and practice.22 Meaning allows facts to be related to one another. This 

facilitates the formation of [semantic or episodic/temporal] connections. Meaning can be 

enhanced by activation of prior knowledge, elaboration and illustration. Encoding 

specificity has two components, external (or context, the setting in which learning takes 
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place) and internal (processing, the number of ways information is presented). Making 

the learning environment and the application environment as similar as possible can 

enhance external encoding specificity.23 This may be particularly important for the 

creation and use of episodic/temporal links. A philosophical argument in favour of 

problem-based learning medical schools is that they are specifically designed to make the 

learning environment and application environment as similar as possible. This type of 

curriculum has, however, not been shown to be superior to the integrated [systems-based] 

curriculum in fostering diagnostic competence (although both of these appear to be 

superior to the traditional, non-integrated curricula).24 Internal encoding specificity can 

also be enhanced by presenting information in as many relevant ways as possible. This 

increases the number of [semantic or episodic/temporal] links in knowledge structure. 

The latter can be achieved by the use of elaboration and multiple examples to illustrate 

information. Knowledge, like our abdominal muscles, wanes with disuse. Practice is, 

.therefore, essential and, in order to maintain the knowledge equivalent of a 'six-pack', 

and this should adhere to above rules (meaning and encoding specificity), be supervised 

and reflective. This type of practice is referred to as 'deliberate practice'. 25;26 

Conditional Strategies 

Unlike the strategies above, these are conditional upon how knowledge is believed to be 

structured in the minds of domain experts. These strategies should, therefore, be specific 

to the perceived knowledge structure framework. 

Semantic Prototype Framework 

If experts truly organize knowledge into state schemata that contain disease prototypes 

along with similar diseases, then teaching should be focussed on prototypical diseases. 

Standard textbooks and traditional curricula are already designed in this manner. Learners 

should also be taught to use semantic qualifiers to assist in encoding and retrieving 

information. Basic science knowledge and an understanding of pathophysiology are 

required to decide if diseases are similar. It has previously been shown that teaching 

diseases independently does, indeed, encourage a typicality approach in diagnostic 

reasoning (and, by inference, knowledge structure). A downside to this approach, 
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however, may be in promoting diagnostic reasoning that is at variance with that of 

experts, which is thought to be based upon diagnostic rather than typical features of 

disease.27 A recent study showed that teaching students to use semantic qualifiers did not 

improve data interpretation or diagnostic accuracy.28 

Semantic Hierarchal Framework 

Development of a hierarchal framework implies that diseases are being considered as 

groups rather than individual diseases. Diseases are included within hierarchies because 

they share diagnostic features rather than typical features. As mentioned above, this can 

be facilitated by teaching diseases together rather than independently, as is favoured by 

the prototype framework.27 Another cognitive strategy that may facilitate this knowledge 

structure is using spatial cognitive strategies, such as concept maps or diagnostic 

schenes.227 A diagnostic scheme is one type of spatial cognitive strategy, which portrays 

content in a 'big picture' format. This format attempts to portray the schema formed in 

the memory of experts and, as such, make explicit to novices the state schema of experts. 

The use of schemes has been shown to be associated with deeper knowledge structure in 

novices, i.e., more closely related to that of experts.4 Moreover, this deeper knowledge 

structure in novices is associated with increased odds of diagnostic success. Newer 

curricula make an explicit attempt to facilitate expert knowledge structure formation, by 

providing cognitive strategies, such as diagnostic schemes, alongside content.29 

Scripts Framework 

If experts only organize [domain-specific] knowledge into a collection of illness and 

instance scripts, based upon cases that are, by definition, idiosyncratic and heavily 

context-specific, then this process should be facilitated by merely providing supervised 

and reflective [deliberate] practice where information can be presented in as many 

contexts as possible. Creation of illness and instance scripts would be an idiosyncratic 

and automatic, subconscious process. In essence, novices can become experts merely by 

practicing their craft, confident in the knowledge that expert knowledge structure will 

surely follow. 30 
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What Is "Medical Problem Solving"? 

Patel identifies four separate parts to medical problem solving: data gathering; diagnosis; 

therapeutic plan; and patient management .3' To a certain extent each part is dependent 

upon the success, or otherwise, of the preceding part. Consequently, data gathering and 

diagnosis are the primary focus of undergraduate medical education. Data gathering and 

diagnostic reasoning are dynamic tasks, i.e., the precise nature of the task (and, hence, the 

required performance) varies between different situations. 26 Therapeutic plan and patient 

management, at least for the experienced clinician, more closely approximate static tasks, 

where there is a specific set of actions requiring little or no improvisation (the fact that 

these tasks are more static in nature makes then ideal targets for evidence-based medicine 

initiatives). While not intending to belittle the importance of therapeutic plan and patient 

management, this discussion will focus primarily on the process of diagnostic reasoning 

and'to a lesser extent, data gathering. Studies that consider diagnostic reasoning alone 

may produce quite different results from those that consider diagnostic reasoning and 

data gathering combined. Some researchers would argue that the two processes should 

never be separated during study, and that to do so creates low fidelity simulations. 32 They 

would justify their position by the fact that diagnosis is an unbound problem and that 

decisions regarding data gathering are part of diagnostic reasoning (because they are 

driven by the diagnoses entertained). Others would argue that diagnostic reasoning 

cannot be studied truly unless it is 'isolated' from data gathering. 31 

How Are Medical Diagnoses Made? 

Medical diagnosis involves creating a mental representation of the present problem. 

Feltovich and Barrows describe the problem representation as " .. .a. cognitive structure 

corresponding to a problem, constructed by a solver on the basis of domain related 

knowledge and its organization". 32 This cognitive structure is similar in its construct to 

the way in which medical knowledge is stored or 'indexed' in memory. This facilitates 

categorization or labelling of this problem with reference to previously encountered 
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problems. The process of using knowledge obtained in a different setting and applying it 

to the new problem is referred to as spontaneous analogy transfer.33 Formerly it was 

believed that, at all times, all physicians used the same diagnostic reasoning strategy; 

hypothetico-deductive reasoning.' 8;34 More recently, however, evidence has accumulated 

to suggest that there is a variety of diagnostic reasoning strategies. The various strategies 

diffet in two aspects: 

1. The process of formulating the problem representation 

2. The structure of the problem representation used for categorization 

The Process Of Formulating The Problem Representation 

There are a variety of possible ways of classifying diagnostic reasoning strategies. For 

those interested in actually studying the different strategies, it is most pragmatic to 

subdi,vide them into analytical versus non-analytical strategies. Table 1 below contrasts 

the various diagnostic reasoning strategies. 

Table 1: Comparison Of Diagnostic Reasoning Strategies 

Diagnostic Analytical Driving Direction Use of Diagnosis Problem 

reasoning force Pathophysiological justification representation 

strategy Knowledge 

Hypothetic- Usually Hypotheses Diagnosis High Pathophysiology Disease 

deductive to data prototypes 

reasoning 

Scheme Usually Available Data to High Pathophysiology Hierarchal 

inductive knowledge diagnosis Network of 

reasoning structure diseases 

Pattern No Similarity Diagnosis Low Similarity of A single 

recognition to data clinical features instance script 

and context 

Guessing No Unclear Unclear Low None None 
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Analytical Diagnostic Reasoning Strategies 

Analytical here refers to the fact that the process is conscious and, by definition, 

accessible to introspection and verbalization. There are two types of analytical process; 

hypothetico-deductive reasoning (HDR) and scheme inductive reasoning (SIR). 

Hypôthetico-Deductive Reasoning 

Barrows and others have described the steps involved in the HDR process. 18 Very early 

on in the process of data gathering mental representations of medical knowledge are 

activated. These representations are referred to as either prediagnostic interpretations or 

hypotheses." Typically there are between two and five hypotheses generated. 18 The 

hypotheses generated drive further inquiry, which is primarily aimed at revealing further 

information that will either confirm or refute the hypotheses generated. If analysis of data 

geneted leads to exclusion of all hypotheses then further inquiry takes place to evoke 

new/hypotheses. Successful resolution of this process (which may or may not equate to a 

successful outcome) is when a single problem representation is formulated. The problem 

representation resulting from this process contains the patient's clinical features along 

with an explanation of the underlying disease pathophysiology, which is used to justify 

diagnosis. Barrows refers to this representation as the 'illness script.'St The defining 

feature of HDR is the fact that it is driven by the hypotheses generated. This is often 

referred to as a 'diagnosis to data' process. 

Scheme-Inductive Reasoning 

If the defining feature of HDR is the fact that it is driven by the hypotheses generated, 

then the defining feature of STIR is the fact that it is driven by the available knowledge 

structure. 3;7 The term 'scheme' refers to the knowledge structure that is used in the 

diagnostic reasoning process. The knowledge structure used arises from an understanding 

'illness script' used hereafter refers to the Barrow's definition of an illness script (i.e., 

emanating from pathophysiology).'8 'Instance script' is used to represent the two types of 

script described by Schmidt, which are rich in contextual information and poor in 

pathophysiological information. 17 
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of the pathophysiology of diseases in the given domain. For example, gastroenterologists 

may structure their knowledge of diseases that cause dysphagia into oropharangeal versus 

esophageal causes. These structures represent branch point in diagnostic reasoning. If the 

correct branch is taken then the subject moves 'towards' the correct diagnosis. The result 

of this process is to exclude lots of possible diagnoses so that the number of entertained 

diagnoses, i.e., those that could not be excluded, are logical and as small as possible; "any 

conclusion that is not an exclusion is insecure and must be rechecked".36 SIR thus 

converts an unbound problem, with a potentially huge numberof diagnoses, into a bound 

problem with only a few differential diagnoses or even a single diagnosis. The problem 

representation resulting from this process is also in the form of an 'illness script', 

containing the clinical features along with a pathophysio logical justification. Successful 

resolution of the SIR process (which may or may not equate to a successful outcome) is 

when either a single diagnosis remains or there a small number of diagnoses, from which 

one 'is chosen using HDR. As with HDR, SIR also goes by a variety of synonyms such as 

'hierarchal reasoning' or 'production rules'.3' This process is often referred to as a 'data 

to diagnosis' process. 

Non-Analytical Diagnostic Reasoning Strategies 

It is not known how many different non-analytical diagnostic reasoning strategies (NAS) 

exist as they are, by definition, unconscious and inaccessible to introspection and 

verbalization. Pattern recognition (PR) is the most easily recognizable, and most widely 

studied, type of NAS. The terms NAS and PR are, unfortunately, often used 

interchangeably. It cannot be assumed, however, that all, NAS represent PR. Tacit 

application of SIR and/or HDR, particularly by experts dealing with routine problems, 

may appear to be partly or entirely non-analytical. Simple guessing is also a non-

analytical diagnostic reasoning strategy. 

Pattern Recognition 

The defining feature of PR is the fact that it is driven by similarity between the present 

problem and a previously encountered problem.37 Similarity is judged on the basis of 

both clinical features (symptoms, signs, test results, etc) and the context in which they 
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occur (setting, demographics, etc). Unlike analytical strategies, where the diagnosis is 

justified on the basis of a pathophysiological explanation of clinical features, in PR the 

diagnosis is justified on the basis that it explained these clinical features in this clinical 

context previously. PR [and other NAS] also differs from analytical strategies in the fact 

that a single diagnostic hypothesis is entertained. PR is rapidly seeing old problems in 

new problems and has been referred to as 'reproductive thinking', as opposed to 

'productive thinking', which is based upon the ability to invoke a pathophysiological 

explanation.'° Problems that have been encountered previously are represented in 

'instance scripts'. Both instance and illness scripts contain clinical features, but differ on 

the amount of contextual and pathophysiological information they contain. Instance 

scripts contain predominantly contextual information and, consequently, consider clinical 

features in terms of a 'syndrome'. Illness scripts, by comparison, contain predominantly 

pathophysiological information, and consider clinical features in terms of a 'disease'. 10;18 
I 

The Structure Of The Problem Representation Used For Categorization 

During diagnostic reasoning it is believed that the problem representation is consistent 

with how medical knowledge is stored and retrieved in memory. The resultant mental 

representations are, therefore, the same as those proposed under knowledge structure 

above. 

Prototypes 

Proponents of the prototype theory of knowledge structure believe that, through the 

process of HDR, clinical information is processed semantically (by analytical and 

possibly non-analytical techniques) to create a semantic representation of clinical 

features. 13;14 Evidence for this process is suggested by the use of semantic qualifiers 

during diagnostic reasoning and the suggestion that the more the semantic qualifiers, the 

better the representation and the greater the likelihood of diagnostic success.5 The 

semantic qualifiers allow activation of disease categories in memory that contain both 

prototypical and less typical members of the category. The categorization process 

involves going through the index of diseases, working from most typical to least typical 

until a satisfactory fit is found. 
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Hierarchal Structures 

Proponents of hierarchal knowledge structure believe that, through the process of SIR, 

clinical information is processed (by analytical and possibly non-analytical techniques) in 

a logical sequence to create a semantic hierarchal representation of clinical features. 

Evidence for this process is suggested by the results of both direct and indirect studies 

looking at diagnostic reasoning and knowledge structure in domains such as 

gastroenterology and nephrology.438 In nephrology, for example, clinical information in a 

case of hyponatremia may be restructured such that it is described as hypo-osmolar 

hyponatremia with low urine osmolality. In a hierarchal knowledge structure the 

subcategory of "causes of hypo-osmolar hyponatremia with low urine osmolality" would 

be stored in the larger subcategory of "causes of hypo-osmolar hyponatremia" which 

would be, in turn, stored in the category "causes of hyponatremia". There is evidence that 

the better the hierarchal representation of knowledge the greater the likelihood of 

diagnostic success.4 The categorization process involves going through the index of 

diseases, working from the large category to the smaller subcategories until a satisfactory 

fit is found. 

Exemplars 

Proponents of exemplar theory of knowledge structure believe that clinical information is 

processed by NAS such as PR to create an episodic or script-like representation of 

clinical features and clinical context. The categorization process involves going through 

the index of instance scripts (syndromes) until a satisfactory fit is found. 

Given the evidence in support of each of the diagnostic reasoning strategies, it is 

likely that these different structure types frequently co-exist in the mind of any one 

individual. A nephrologist, for example, may approach acute renal failure (a very 

frequently encountered clinical presentation) using exemplars, metabolic acidosis (a less 

frequently encountered ± more challenging clinical presentation) using a hierarchy, and 

skin rash (a clinical presentation outwith their domain of expertise) using prototypes. It is 

also likely that within the same presentation different structures can be used. If, for 

example, the use of exemplars for PR in acute renal failure is unsuccessful then a 

hierarchical structure or prototypes to facilitate SIR or HDR may be accessed. 
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How Can We Identify Diagnostic Reasoning Strategies? 

Studying diagnostic reasoning is, in essence, studying an aspect of knowledge. According 

to schema theory the type of knowledge that we are studying here is both procedural 

knowledge (how to do something) and conditional knowledge (when and why to do 

something). This type of information is contained within process schema in memory.2 

As was the case for knowledge structure, there are a number of ways available to 

study diagnostic reasoning. Similarly, it is necessary to ask the three 'touchstone' 

questions before choosing a study method: 

1. 

2. 

3. 

What information is required (knowledge offacts ± relationships ± inferences)? 

What is the perceived knowledge structure in this domain? 

What is the nature of the task, e.g., can knowledge ± structure be verbalized? 

/ 
/ 
' The same direct and indirect techniques for extracting information that were 

discussed above (under knowledge structure) are available for studying diagnostic 

reasoning. The list of appropriate techniques is, however, shorter. With the exception of 

the 'hybrid' technique of repertory grid analysis, all of the indirect techniques provide 

information only on relationships. A study of diagnostic reasoning requires information 

on inferences. The direct technique of drawing closed curves is inappropriate for the 

same reason. The techniques applied to the study of diagnostic reasoning are usually 'free 

form'. These do not assume or impose a certain knowledge structure (unlike inferential 

flow analysis) but assume that the process of diagnostic reasoning is subject to conscious 

introspection and verbalization. Unfortunately this assumption is flawed. As is discussed 

above, some types of diagnostic reasoning processes are partly or entirely non-analytical 

and are, therefore, inaccessible to conscious introspection and verbalization. For the 

diagnostic reasoning strategies that can be studied in this way, introspection and 

verbalization can be sought at three possible points in relation to the diagnostic reasoning 

process: 
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Prior To Action (Or Without Action). 

Here an interview or questionnaire could be used to extract information on how the 

subject might go about making a diagnosis in a given domain (see descriptions above).' 

Unfortunately, there may be little correlation between reporting what one would do and 

what one does in practice. Studies such as this are heavily prone to reporting bias and are 

rarely performed. As a rule, a study of problem solving requires a 'problem' and the 

closer this problem is to reality the more high fidelity is the simulation. 

In-action. 

This is also referred to as thinking 'on-line'. Observation of task performance, protocol 

analysis and interruption analysis can be used in this way (see descriptions above).' A 

criticism of observation of task performance is the concern of observer bias because the 

observer has to infer what the subject is doing and thinking.' Protocol analysis is the most 

frequently applied in-action technique where subjects are asked to think out loud after 

each piece of new information, i.e., during data gathering, rather than after all the 

information has been gathered. The advantage of this technique is the lack of delay 

between thinking and reporting. Some researchers believe that this lack of delay between 

thinking and reporting is vital to reveal the 'true' nature of the diagnostic process. With 

delay the 'process' may be subject to post hoc restructuring and it may not be possible to 

distinguish between the process of reasoning and the process of explaining 

(determination bias) .° A criticism of this technique is that by asking subjects to provide a 

running commentary the nature of the task may be changed. Performance bias may result 

from the usurping of resources [normally devoted to the task itself] by the commentary 

process. More importantly, forcing subjects to suggest diagnostic hypotheses 

prematurely, i.e., before they would 'naturally' generate hypotheses, may alter the 

availability of the different diagnostic reasoning processes. This performance bias may 

force HDR and preclude SIR, if the information required to access a diagnostic scheme is 

not provided by the time the subject is asked to make a diagnosis. 31 Similarly, PR may 

not be available if information required for script creation is not available. Criticisms of 

interruption analysis are observation bias (from observer's inferences) and a different 
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type of performance bias, due to possible difficulty in restarting the diagnostic reasoning 

process once it has been interrupted.' 

On-action. 

This is also referred to as thinking 'post-hoc'. Observation of task performance and 

protocol analysis can be used in this setting (see descriptions above).' A criticism of all 

types of on-action introspection and verbalization is that they analyze reactivated 

knowledge rather than knowledge tapped at source, such that the reported 'process' may 

reflect the process of explanation rather than the intended process of reasoning. As is 

discussed above, the major criticism of this form of protocol analysis is the risk of 

determination bias. It has previously been shown that subjects who reported using the 

same diagnostic process for each problem had a predominantly backward reasoning 

expination when asked to think on-line during a problem, and a predominantly forward 

reas1oiing explanation when asked to think post-hoc.3° It has also been suggested that 

confidence in the diagnosis promotes the use of forward reasoning explanation while 

uncertainty promotes the use of backward reasoning explanation. 30 This may [falsely] 

give the appearance of forward reasoning being more successful than backward 

reasoning. An additional criticism of observation of task performance here, where 

subjects are recorded by videotape for later review, is recall bias because of the 

questionable ability of subjects to recall the reasons underlying their performance.' 

Studying Non-Analytical Diagnostic Reasoning Strategies 

By definition these strategies cannot be introspected and/or verbalized and cannot, 

therefore, be studied using the techniques described above. The use of NAS, such as PR, 

needs to be inferred. Indirect evidence that PR is being used comes from confirmation of 

the assumption that are made about this process: 

1. Pattern recognition is a rapid strategy. 

2. Pattern recognition is dependent upon contextual information. 

3. Pattern recognition is dependent upon idiosyncratic knowledge structures. 

4. In pattern recognition clinical information is interpreted with the diagnosis in 

mind. 
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Pattern Recognition Is A Rapid Strategy 

NAS such as PR require less, if any, activation of pathophysiological knowledge as their 

purpose is to remember the solution to a similar problem rather than create a new solution 

for the new problem. As such, these techniques should be more rapid than analytical 

techniques such as HDR and IR.394° Unfortunately this is not a specific finding as 

guessing and effortless tacit application of HDR or SIR may also be rapid processes. 

Pattern Recognition Is Dependent Upon Contextual Information 

Compared to the illness scripts in semantic memory, the instance scripts in episodic 

memory contain more contextual information and less pathophysiological information. 

As such, diagnoses resulting from PR should be influenced by changes in the clinical 

context. This effect has been shown convincingly in the domains of dermatology, EKGs 

and, X-ray interpretation and is probably the most specific characteristic of pattern 

recognition. 39-42 

Pattern Recognition Is Dependent Upon Idiosyncratic Knowledge Structures 

Another feature of instance scripts is that they are highly individualized as they arise 

from a physician's unique clinical experience. The idiosyncratic natthe of knowledge 

structure can be demonstrated by finding a wide variation in diagnostic hypotheses that is 

not explained on the basis of different amount of clinical experience.'6 Another way of 

demonstrating this is by demonstrating an inability to predict the diagnoses that others 

will make. 43 This idiosyncratic nature is not a specific finding. It has been demonstrated 

that the starting hypotheses generated during HDR may be highly variable. 12;3' Even in 

SIR the schemes used by different experts are partly communal and partly idiosyncratic. 

In Pattern Recognition Clinical Information Is Interpreted With The Diagnosis In Mind 

During PR instance scripts are the frame of reference for perception. Interpretation of 

clinical information with the diagnosis (or instance script) in mind is supported by 

demonstrating reinterpretation or misinterpretation of clinical features to fit the diagnostic 
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hypothesis.4' Once again, this is not unique to PR, and has also been shown for 

hypothetico-deductive reasoning. 30 

The Use Of Diagnostic Reasoning Strategies By Novices And Experts 

One of the first reported 'great discoveries' in medical education research was that 

experts do not use different diagnostic reasoning strategies from novices, they just use 

them to better effect.34 While Elstein assumed that experts and novices used a single 

strategy at all times (HDR), others have demonstrated a variety of possible strategies, 

which are described above. Coderre recently observed differences in the frequency of use 

of the different strategies between novices and experts. 38 There was, however, 

considerable overlap between the two groups, such that each of the three main strategies 

was available to both novices and experts for some problems. These results partly 

confirmed previous findings that novices try to make diagnoses in the same way as 

experts, but they are not as successful in their use of these strategies. 

In Coderre's study the 'choice' of diagnostic reasoning strategy had a major 

independent influence on the likelihood of diagnostic success .38 Experts appeared to have 

a greater use of NAS and SIR while novices tended to use HDR. Both NAS and SIR were 

independently associated with increased odds of diagnostic success when compared to 

HDR. The relationship between diagnostic strategy and diagnostic success is a 

contentious topic in medical education. While there are published data supporting 

Coderre's findings, there are also data to support the opposite conclusion, i.e., that HDR 

is associated with greater diagnostic success .30;31 While methodological differences may 

partly explain these discrepant results, it is also likely that other variables such as 

knowledge structure and task difficulty influence the relationship between diagnostic 

reasoning strategy and diagnostic success. 
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Conclusion From The Literature 

The introduction started with a question relating to the inter- and intra-physician 

variability in diagnostic performance: "Is it what we know, how we use it, both, or some 

other, unrelated factors?" From this review of the literature it appears that diagnostic 

reasoning strategies are, at least in part, dependent upon the knowledge structure(s) 

available. It also appears that the likelihood of diagnostic success is influenced by the 

diagnostic reasoning strategy although this relationship is not straightforward. Other 

variables are likely to influence both the strength and direction of this relationship, such 

as expertise, knowledge structure, task difficulty and the experimental conditions. 
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CHAPTER TWO: METHODS 

As was stated in the introduction, the purpose of this series of studies was to further 

explore the relationship between what we know (medical knowledge structure), how we 

use it (diagnostic reasoning strategies) ± other, unrelated factors and the [surrogate] end-

point of diagnostic success. The first task was to select a method of studying medical 

knowledge structure. For this a modified version of the indirect technique of concept 

sorting was selected.3 This was chosen not only because of ease of application and 

interpretation, but also because it appeared to have face validity with the process of 

diagnostic reasoning which is, in essence, a categorization task. The first study performed 

was a pilot study aimed at studying a 'pencil and paper' version of this technique in a 

single domain. 

Pilot' Study: Using "Concept Sorting" To Study The Learning Process And 

Learning Outcome 

In April 2001 a pilot study of concept sorting was performed. Study participants were 99 

students from the class of 2003 at the University of Calgary. A single domain was studied 

(metabolic alkalosis) and data for this study came from three sources: a questionnaire on 

scheme utilization; concept sorting task; and the examination questions in the domain of 

metabolic alkalosis. The concept sorting task and scoring method were piloted and 

repaired using a "training set" prior to use on the "test set". The details regarding 

methodology and results of this pilot study are available in print.4 The discussion here 

will focus on how the findings of the pilot study helped shape subsequent studies. 

Using Concept Sorting To Categorize Knowledge Structure 

Without interpretation or translation a concept sorting score of 0 - 5 lacks meaning. To 

overcome this problem we formed two groups based upon the degree of concept sorting 

sophistication. Students' knowledge structure was categorized into "surface" structure 

(concept sorting score 1-2) and "deep" structure (concept sorting score 3-5). An example 

of deep and surface knowledge structure are given in appendix A and B, respectively. Chi 

et al had previously used these terms with reference to sorting physics problems in which 



32 

deep structure implied grouping on the basis of major physical principles.44 This process 

of concept sorting and categorization was, therefore, an attempt at defining the students' 

understanding of the physiologic concepts behind the groupings [of conditions causing 

metabolic alkalosis]. According to our method of dichotomizing the concept sorting 

score, surface learners did not sort the diagnoses into physiology-based groups, or could 

identify two or less groups. The deep learners, by comparison, had a more elaborate 

network for sorting the different conditions, and sorted the diagnoses into at least three 

major physiology-based groups. 

Results Of The Pilot Study 

The three main results of the pilot study were: 

1. concept sorting (paper and pencil version) had inter-rater reliability. 

2. eheme users were more likely to have deep knowledge structure. 

3. Students with deep knowledge structure had greater diagnostic success than those 

with surface knowledge structure. 

Conclusions From The Pilot Study 

While encouraged by these results, important questions raised about concept sorting 

included validity, generalizability [beyond the domain of metabolic alkalosis], and the 

relationship between knowledge structure, as measured by concept sorting, and other 

variables that are likely to affect diagnostic success. Moreover, it was felt that this 

version of concept sorting had two serious limitations. Firstly it was felt that this 

technique required excessive inference on the reasons behind grouping decisions. The 

second limitation was that grouping was only on one level, i.e., 'chunking'. More 

sophisticated grouping, e.g., in the form of a hierarchy, could not be inferred from this 

technique. A computer-based version of concept sorting (ConSort©) was, therefore, 

designed to address these limitations and was used in subsequent studies. 
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Study A: What Is The Relationship Between Knowledge Structure, Diagnostic 

Reasoning Strategy And Diagnostic Success In Novices And Experts? 

Study Objectives: 

L To examine the reliability of ConSort© as a measure of knowledge structure. 

ii. To examine the validity of ConSort© as a measure of knowledge structure. 

iii. To determine the relationship between [state] propositions in knowledge structure 

and [process] propositions used during diagnostic reasoning in novices and 

experts. 

iv. To identify variables associated with the use of the different diagnostic reasoning 

strategies in novices and experts. 

V. To identify variables associated with diagnostic success in novices and experts. 

Hyjlótbeses: 

i. ConSort@ is a reliable tool for studying knowledge structure. 

ii. ConSort@ is a valid tool for studying knowledge structure. 

iii. [Process] propositions used during diagnostic reasoning are present [as state 

propositions] in knowledge structure. 

iv. Subjects with surface knowledge structure are more likely to use 'general' 

methods of diagnostic reasoning, such as hypothetico-deductive reasoning. 

Subjects with deep knowledge structure can choose between 'general' and 

'specific' methods (e.g., scheme-inductive reasoning) of diagnostic reasoning. 

V. There is a significant interaction between knowledge structure and the effect of 

diagnostic reasoning strategy on diagnostic success in novices and experts. 

Sources Of Data 

Data sources for this study were: ConSort© score for knowledge structure and diagnostic 

reasoning strategies used when answering problem solving questions in the four domains 

of interest. 
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Concept Sorting Tasks 

In the concept sorting task subjects were given a list of conditions that can present as the 

clinical presentation of interest. Appendix C shows how the list of conditions causing 

metabolic acidosis appeared in the ConSort© program that we used for this study. Study 

participants were given the ConSort© program and were asked to group the causes 

together and to then name their groups (they could choose up to seven groups). They had 

the option of leaving conditions unassigned if they could not assign them to one of their 

chosen groups. They were then given the opportunity to form subgroups of the groups 

formed in the first step. This process was repeated until the subject stated that they were 

finished (a maximum of four subgrouping steps could be performed). The ConSort© 

program displayed the groupings in the form of a hierarchy or scheme, which was taken 

to represent the subject's knowledge structure (referred to as 'state' propositions). In 

addition, the ConSort© program displayed the allocation of conditions into categories 

(refried to as 'categorization'). See appendices D and B for an example of state 

propositions and categorization for metabolic acidosis (subject #35). 

Concept Sorting Scoring 

To provide the 'expert framework' for scoring we gave each concept sorting task to five 

experts who were actively involved in undergraduate education in the domains of 

interest. These frameworks were taken to represent the way in which experts structure 

knowledge in their domain of expertise. Two investigators with domain expertise (KM 

and HM) reviewed the results of the concept sorting tasks from the experts and decided 

upon the structure of the 'expert framework' for each presentation. The 'expert 

framework' structure considered both state propositions and [disease] categorizations of 

experts. Appendix F shows the expert framework for the four clinical presentations. This 

process is similar to the process by which 'schemes' were devised for use in the medical 

undergraduate curriculum at the University of Calgary.29 Two separate scores were 

initially given for concept sorting. State propositions were rated on an interval scale of 0 - 

4, 0 - 5, or 0 - 6, depending upon the clinical presentation. Categorizations were rated on 

an interval scale of -22 to 22, -20 to 20, or -17 to 17, depending upon the clinical 

presentation. For every condition that was correctly allocated to the individual's state 
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propositions a score of 1 was given. For every condition that was incorrectly allocated, or 

unallocated, to the individual's state propositions a score of -1 was given. Two raters with 

domain expertise (HM and 1(M) scored the concept sorting results independently in a 

blinded fashion. The decision was made to drop the score for categorization when it 

became clear that this was very difficult to score for novices without either penalizing 

theni a second time for surface state propositions or rewarding them excessively for 

oversimplification. Consider subject #29 who identified "drugs" as a group of conditions 

causing hyponatremia. The five drugs contained within this group (thiazide diuretics, 

loop diuretics, laxative [abuse], mannitol and morphine) cause hyponatremia by four 

different mechanisms. This grouping was considered surface and would have received the 

same score if the group had been called "contain the letter 'i". Similarly, subject #18 

grouped all 22 causes of hyperkalemia into just two group, 'drugs' and 'not-drugs'. The 

'drus' group contained only drugs and the 'not-drugs' group did, indeed, contain no 

drugs. The perfect score for categorization in this case appeared meaningless. 

Think-Aloud Protocol 

There were three steps in the think aloud protocol: 

1. Subjects were presented with the description of a case. 

2. Subjects were asked to solve the clinical problem while thinking out loud (in a post-

hoc manner). 

3. Subjects were asked for the diagnosis (chosen from a list of 7-13 choices). 

In the cases given to the subjects all data required to make the diagnosis were given. Patel 

identified four parts to medical problem solving: data gathering; diagnosis; therapeutic 

plan; and patient management.3' It was our intention to study only the part of the problem 

solving process pertaining to making a diagnosis. As such, by providing all the required 

data and not inquiring after therapeutic plan and/or patient management it was our belief 

that we had isolated the diagnostic reasoning part of medical problem solving. The four 

cases used in this study are shown in appendices G - J. Our protocol differed from that of 

Patel, et al, in omitting the recall protocol. Our justification for this was the 

demonstration by these authors that there is a very poor correlation between recall 
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protocols and pathophysiology protocols (and medical diagnosis is not a recall task).3' 

Unlike Patel, et al, we asked subjects to explain how they made the diagnosis rather than 

to explain the pathophysiology because previous work has demonstrated that experts do 

not usually resort to pathophysiological explanations during diagnosis .21 All interviews 

were audiotaped and then transcribed for scoring. 

Diagnostic Reasoning Strategy Scoring 

In view of the variety of methods described for analyzing think aloud protocols, 

transcripts were initially 'scored' for the use of propositions (referred to as 'process' 

propositions), production rules, causal links, conditional links and an overall Gestalt 

impression of the diagnostic reasoning The propositions and production 

rules were decided upon prior to the starting the study. Patel, et al, previously compared 

different forms of protocol analysis and found that this technique of imposing a 

'corfpelling natural structure' upon the transcript yield the most easily interpretable 

analysis of the think aloud protocol.3' The process propositions and production rules for 

the four presentations are shown in appendices K and L respectively. Totaling the number 

of identified process propositions used in the text generated the score for process 

propositions. The actual propositions used were also identified to allow comparison with 

corresponding state proposition. A causal link illustrates the relationship between 

diagnosis and data in a backward manner (i.e., from diagnosis to data) .30 An example of a 

causal link is provided by subject #14 when reasoning through the hyperkalemia 

problem: "Could this be lack of insulin activity? Well, plasma glucose is normal and that 

wouldn't explain everything." A score of 1 was given for each causal link and the total 

number of causal links was calculated. A conditional link illustrates the relationship 

between diagnosis and data in a forward manner (i.e., from data to diagnosis). An 

example of a conditional link is provided by subject #2 when reasoning through the 

hyponatremia problem: " .. .from there you look to see if she is ADH suppressed or 

elevated.., suppressed, so that rules out SIAM." A score of 1 was given for each 

conditional link and the total number of conditional links was calculated. 

Nine transcripts were initially analyzed using the five scoring methods. From this 

scoring pilot it was noted that the process propositions and production rules were 
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essentially measuring the same thing as the level of agreement between these scores 

using the K statistic was 0.85 ("almost perfect" agreement). These results are shown in 

table 2. Of the 100 production rules only three (3%) did not have a corresponding process 

proposition identified. It was considered, therefore, that production rules were redundant. 

An attempt was made to determine the diagnostic reasoning strategy by looking at the 

ratio of causal to conditional links. If this ratio was >1, the diagnostic reasoning strategy 

was considered 'deductive', whereas a ratio of <1 was considered 'inductive'. This 

scoring method was not considered reliable because subjects frequently changed their 

diagnostic reasoning strategy. An example of this is shown in the transcript of subject #2 

(see appendix M). This subject began reasoning through problem of hyponatremia in a 

scheme-inductive manner ("look and see if the serum osmolarity is less than 275... from 

there you look to see if she is ADH suppressed or elevated.., suppressed so that rules out 

SJADH"). When difficulty was experienced with this strategy ("...wait a minute, I think I 

am 'going backwards here. Where am I?...) hypothetico-deductive reasoning was tried, 

generating five causal links and 1 conditional link (".. .it's not A, B ... primary polydipsia 

is the closest thing to going together.. .1 know it's not H for sure.. .maybe H ... no...C, D, I 

believe ADH is suppressed. . .why would it be suppressed?"). The answer to the question 

was finally decided upon using a non-analytical strategy rather than either of these 

strategies ("okay I am going to say "D". .. diuretic induced. . .I'm not really sure why, and 

if it's the wrong answer that's probably why I'm not sure."). For this reason we decided 

to adopt the Gestalt method of assigning diagnostic reasoning strategy as our scoring 

technique. Here raters decided whether hypothetico-deductive reasoning (HDR), scheme-

inductive reasoning (SIR) or a non-analytical strategy (NAS) was the predominant 

diagnostic reasoning strategy used to solve the given problem. Two raters with domain 

expertise (HM and KM) scored the diagnostic reasoning strategies for ten transcripts 

independently. One rater (KM) then scored the same transcripts after a period of four 

weeks. 
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Table 2: Agreement Between Production Rules And Process Propositions 

Production Rules K 

Present Absent 

0.85 Process 

propositions 

Present 97 10 

Absent 3 84 

Development Of Problem Solving Questions 

Two educators (KM and HM) with experience in developing problem solving questions 

in nephrology, for both undergraduates and postgraduates, developed the problem solving 

questions for the domains under study. The domains chosen (fluid, electrolytes and acid-

base) have previously been identified as the most difficult problems in medical 

education. 45 These domains were selected in an attempt to encourage formal analytical 

reasoning by both experts and novices. The problems were presented as extended 

matching (R-type) questions with a list of 7-13 choices. This choice of format was also 

made in an attempt to encourage analytical reasoning (the long list of choices may 

encourage [verbalized] analytical reasoning in an attempt to exclude members of the list). 

It was hoped that by encouraging analytical reasoning we could 'expose' the process 

propositions that may not have been verbalized otherwise. As has previously been 

suggested by Norman, et al, we also incorporated 'critical normal' values into the 

questions to make them more challenging. 46 In the question on hyponatremia (appendix 

G) the value for blood pressure is lower than 'average' but is normal for a young female. 

In the question on hyperkalemia (appendix H) the value for the transtubular potassium 

gradient (TTKG), which the subjects had to calculate, is a critical normal. In the question 

on metabolic acidosis (appendix I) the value for pCO2 is 'normal', but is inappropriately 

high in this setting. In the question on metabolic alkalosis (appendix J) the value for pH is 

'normal', but rather than representing lack of an acid-base disorder it is caused by two 

competing acid-base disorders. Prior to presenting these problems to novices the 

canonical frames (need to know concepts) were identified. These are shown in 

appendices N - Q. Two of the investigators (KM and HM) provided the lecture and small 

group content in the domains of study to the novices during the Renal Course 2002. This 
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ensured that the pathophysiological knowledge required to answer these problems had 

been provided. 

Blinding Of Raters 

For all analyses, (including tests of reliability and validity), study participants were given 

a unique study number. The original form of identification (name or student ID) was 

replaced by nominal allocation of study number (1-52) to ensure anonymity of subjects. 

For each analysis the subject numbers were randomly scrambled using STATA 7.0 

software (Stata Corporation, College Station, Texas). 

Identification Of Study Population 

The intended number of subjects for this study was 15 first year medical students and 15 

nephrologists (staff or fellows) at the University of Calgary. For all nephrologists the care 

of batients with renal disease made up their entire clinical practice. Students were 

recruited during the undergraduate Renal Course 2002. All medical students were invited 

to participate voluntarily in the study. All nephrologists at the University of Calgary were 

invited to participate. 

Variable Of Interest 

In this cross-sectional study the variable of interest for the first study objective was the 

dichotomous dependent variable 'knowledge structure type' (deep versus surface). As 

was the case for the pilot study, subjects scoring ≤ 2 on state propositions scoring were 

labelled as having 'surface' knowledge structure for this domain, while subjects scoring 

>2 were labelled as having 'deep' knowledge structure for this domain. Knowledge 

structure type was also the variable of interest for the second study objective. The 

variable of interest for the third study objective was the use of [predetermined] process 

propositions during diagnostic reasoning. The variable of interest for the forth study 

objective was the predominant diagnostic reasoning strategy. The variable of interest for 

the fifth study objective was the dichotomous dependent variable 'diagnostic success' 

(success or failure). 
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Explanatory Variables 

In addition to the variables described above, expert/novice category was considered as an 

explanatory variable, as were interaction terms between explanatory variables. 

Data Analysis 

The first study objective was "to examine the reliability of ConSort© as a measure of 

knowledge structure". To achieve this objective two types of reliability were examined: 

consistency of scoring by raters and consistency of scoring between raters. Two raters 

with domain expertise (KM and HM) performed this part of the study using the ConSort© 

results of ten study participants. The study participants were chosen randomly (see 

blinding of raters above) and there were four clinical presentations for each participant. 

Intra-rater reliability was evaluated by the degree of agreement between rater's scoring of 

the same tests two separate occasions. Inter-rater reliability was evaluated by the degree 

of agreement between the two raters' scoring of the same tests. The K statistic was used 

to evaluate the percentage agreement [in determining knowledge structure] as an estimate 

of both types of reliability. 

Intra-rater and inter-rater reliability were also tested for the other measurement 

tools used during this study. The same two raters were used. For determination of 

diagnostic reasoning strategy the degree of agreement within and between raters was 

rated using the K statistic. 

As concept sorting, used in this setting, is an experimental investigational tool, the 

type of validity that is required is 'construct validity'. The process already has face 

validity because concept sorting is similar to the process of forming a diagnosis in 

medicine, as both are categorization tasks. The second study objective was "to examine 

the validity of ConSort© as a measure of knowledge structure". To achieve this objective 

two types of construct validity were examined: divergent construct validity and 

convergent construct validity. 

To test for divergent construct validity the relationship between the degree of 

expertise in the given domain and knowledge structure was investigated. Previous work 

has shown that experts differ from novices in their degree and structure of knowledge. 13 

Demonstrating a higher score for experts than novices on concept sorting would, 
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therefore, offer divergent construct validity to this technique, i.e. supports the hypothesis 

that concept sorting is measuring knowledge structure. The independent variable for this 

analysis was expert/novice grouping and the dependent outcome variable was 

'knowledge structure type' (deep versus surface). The proportions of experts and novices 

with deep knowledge structure were compared using Fisher's exact test. Multiple logistic 

regression was also performed to identify variables associated with deep knowledge 

structure. 

To test for convergent construct validity the degree of agreement between 

[process] propositions, identified during diagnostic reasoning, and [state] propositions in 

knowledge structure, identified by concept sorting, was investigated. Demonstrating 

agreement between these different propositions would offer convergent construct 

validity, i.e. supports the hypothesis that concept sorting is measuring some type of 

relev,ant knowledge structure. The degree of agreement between propositions was rated 

usixig a r, statistic. 

The third study objective was "to determine the relationship between propositions 

in knowledge structure and propositions in diagnostic reasoning in novices and experts". 

To achieve this objective the sensitivity and specificity of state propositions, revealed 

during the ConSort© task, as a predictor of process propositions, revealed during think 

aloud, was evaluated. 

The fourth study objective was "to identify variables associated with the use of 

the different diagnostic reasoning strategies in novices and experts". In order to perform 

logistic regression the three diagnostic reasoning strategies were represented as 

dichotomous variables (HDR versus SIR or NAS; SIR versus HDR or NAS; and NAS 

versus HDR or SIR, respectively). Simple logistic regression was firstly performed using 

each diagnostic reasoning strategy as a dichotomous dependent variable. Independent 

variables were: novice/expert status; deep knowledge structure; and clinical presentation 

(represented as 3 dummy variables for hyperkalemia, acidosis, and alkalosis 

respectively). The number of subjects in this study limits the number of independent 

variables that can be studied and this simple regression step was, therefore, necessary to 

allow selection of variables for multiple logistic regression. Based upon the results of 

simple logistic regression a multiple logistic regression model was built which included 
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two and three variable interaction terms. Nested models were compared using the 

likelihood ratio test. 

The fifth study objective was "to identify variables associated with diagnostic 

success in novices and experts". As previously described, simple logistic regression was 

performed using diagnostic success as a dichotomous dependent variable. Independent 

variables were: novice/expert status; deep knowledge structure; clinical presentation 

(represented as 3 dummy variables for hyperkalemia, acidosis, and alkalosis 

respectively); and diagnostic reasoning strategy (represented as 2 dummy variables for 

SIR and NAS, respectively). The process of building the multiple logistic regression 

model was similar to that described above. All tests were two-sided and a p value of 

<0.05 was considered statistically significant. All statistical analyses were performed 

using STATA 7.0 software (Stata Corporation, College Station, Texas). 

/ 
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Study B: What Is The Relationship Between Knowledge Structure And Diagnostic 

Success In Novices? 

Study Objectives 

i. To determine the variables associated with the development of knowledge 

structure in novices. 

ii. To determine the variables associated with diagnostic success in novices. 

Hypotheses 

i. Scheme utilization by novices during learning, and by preceptors during teaching, 

improves novices' knowledge structure. 

ii. Novices with greater knowledge structure have increased odds of diagnostic 

success. 

Sources Of Data 

Data sources for this study were: ConSort@ score for knowledge structure; performance 

on problem solving multiple choice examination questions; and a questionnaire on 

scheme utilization (by novices while studying and by preceptors during small group 

sessions). 

Concept Sorting Tasks 

The tasks for this study were exactly as described in study A. 

Concept Sorting Scoring 

The scoring of concept sorting tasks for this study was exactly as described in study A. 

Problem Solving Multiple Choice Questions 

At the end of the Renal Course 2002 first year medical students took the Renal Course 

2002 examination. This 69-item examination is based upon a published examination 

blueprint. The examination questions were obtained from an examination question bank 

in existence for over 20 years. The majority of the questions, updated, had been used in 

previous exams, but as usual, some of the questions were new. Among the 69 questions, 
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there were six problem solving questions on the domains of hyponatremia and 

hyperkalemia, seven on metabolic acidosis and five on metabolic alkalosis. The 

reliability coefficient (Cronbach's alpha) for the whole exam was 0.85 and the pass rate 

was 85%. The examination had content validity by virtue of the examination blueprint 

and only 12.5% of students disagreed with the statement that 'the exam questions tested 

the material actually taught'. In 15 of 24 questions in the domains of interest, the style of 

question used in the MCQ examination was the same as those used in study A (R-type, 

see appendices G - J). For the remaining nine questions the style was of multiple response 

type questions. Two educators (KM and HM) with experience in developing problem 

solving questions in nephrology, for both undergraduates and postgraduates, developed 

the problem solving questions for the domains under study in the MCQ examination. 

For the students who participated in study B (referred to hereafter as 'novices' or 

'subjects' for the purpose of this study), examination scores in the domains of interest 

wej4.collected. For the R-type questions subjects were given a score of 1 if they had the 

correct answer and 0 for an incorrect answer. For the multiple response type questions 

subjects were given a score of 1 if their score was equal to or greater than the expected 

minimum performance level (MPL) and 0 if their score was below the expected MPL. 

For the 24 questions used in this study the difficulty and discrimination indices for each 

question were calculated and the reliability estimated using Cronbach's alpha coefficient. 

The results of these are shown in appendix R. From this it can be seen that the difficulty 

index ranged from 0.25 to 1.0. There were no negatively discriminating questions. The 

reliability of this problem solving examination was 0.42. 

Questionnaire 

Subjects were given a questionnaire at the same time as the ConSort© tasks. The 

questionnaire was divided into six sections. The first section assessed the students' use of 

schemes for each clinical presentation under study. The second section assessed the use 

of schemes by preceptors during the Renal Course 2002 (lectures and small groups). The 

third section assessed students' attitudes towards schemes by having them respond to 

three items using a 5 - point Likert scale that ranged from 'strongly agree' to 'strongly 

disagree'. The forth section gathered information of previous level of training and, where 
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consent was given, scores for the medical colleges admission test (MCAT) and grade 

point average (GPA). The fifth section asked students to estimate their study time prior to 

taking the Renal Course 2002 exam. The final section collected demographic data. The 

questionnaire is shown in appendix S. 

Identification Of Study Population 

Subjects for this study were first year medical students at the University of Calgary. 

Students were recruited during the undergraduate Renal Course 2002. All medical 

students were invited to participate voluntarily in the study, with the target number for 

student enrolment being 30. 

Variable Of Interest 

In this cross-sectional study the variable of interest for the first study objective was the 

dichotomous variable knowledge structure type (deep versus surface). The variable of 

interest for the second study objective was diagnostic success or failure as defined above. 

Explanatory Variables 

For the first study objective the explanatory variables of interest were: scheme utilization 

by novices during learning; scheme utilization by preceptors during small group sessions; 

novices attitude towards schemes; clinical presentation (represented as 3 dummy 

variables for hyperkalemia, acidosis, and alkalosis respectively); science versus non-

science undergraduate; MSc or PhD prior to medical school; MCAT score; GPA score; 

hours of study; sex; and age. For the second part of the study, for which the dependent 

variable was diagnostic success or failure, the explanatory variables of interest were: 

knowledge structure type; scheme utilization by novices during learning; scheme 

utilization by preceptors during small group sessions; novices attitude towards schemes; 

clinical presentation; science versus non-science undergraduate; MSc or PhD prior to 

medical school; MCAT score; GPA score; hours of study; sex; and age. Scheme 

utilization by preceptors during lectures was not considered as an independent variable 

because all lectures for the clinical presentations under study were given by KM or HM 
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who used schemes during lectures. This question was included to provide some estimate 

of the reliability of students' recall. 

Data Analysis 

The first study objective was "to determine the variables associated with the development 

of knowledge structure in novices". Simple logistic regression was firstly performed 

using knowledge structure type (deep versus surface) as a dichotomous dependent 

variable. Independent variables were those listed above. The number of subjects in this 

study limits the number of independent variables that can be studied and this simple 

regression step was, therefore, necessary to allow selection of variables for multiple 

logistic regression. Based upon the results of simple logistic regression a multiple logistic 

regression model was built which included two and three variable interaction terms. 

Nestd models were compared using the likelihood ratio test. 

,. The second study objective was "to determine the variables associated with 

diagnostic success in novices". As previously described, simple logistic regression was 

performed using diagnostic success as a dichotomous dependent variable. Independent 

variables were those listed above. The process of building the multiple logistic regression 

model was similar to that described above. All tests were two-sided and a p value of 

<0.05 was considered statistically significant. All statistical analyses were performed 

using STATA 7.0 software (Stata Corporation, College Station, Texas). 

Ethical Considerations 

Ethical approval for studies A and B was received from the Conjoint Health Research 

Ethics Board at the University of Calgary. All subjects gave informed consent prior to 

entry into these studies. 
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CHAPTER THREE: RESULTS 

Results Of Study A 

Thirty-two subjects participated in this study. There were 13 first year medical students 

and 19 nephrologists. These groups were considered as 'novices' and 'experts' 

respectively. The expert group comprised 14 staff nephrologists and five nephrology 

fellows. For all experts their clinical workload involved only patients with kidney 

diseases. 

Reliability Of ConSort© 

The ten randomly selected subjects for the test of reliability comprised five experts and 

five novices. Inter-rater agreement for determination of knowledge structure for the both 

the first and second scoring attempts was 90.5%. The K statistic for this was 0.8 (P < 

0.000 1), representing 'substantial' to 'almost perfect agreement'. Intra-rater correlation 
for both raters was 100% The r, statistic for this was 1.0 (P < 0.0001), representing 

'perfect agreement'. These data are shown in appendix T. 

Inter-rater agreement for determination of diagnostic reasoning strategy was 90%. 

The ic statistic for this was 0.83 (P < 0.000 1). Intra-rater agreement for determination of 

diagnostic reasoning strategy was 95%. The ic statistic for this was 0.91 (P < 0.0001). In 

both cases this corresponds to 'almost perfect' agreement. 

Validity Of ConSort© 

The proportion of experts identified as having deep knowledge structure was higher than 

for novices (82.9% versus 55.8% respectively, P = 0.001). To identify the variables 

associated with deep knowledge structure simple logistic regression was first performed 

using deep knowledge structure as a dichotomous dependent variable. Independent 

variables were: expert/novice status and clinical presentation (represented as 3 dummy 

variables for hyperkalemia, acidosis, and alkalosis respectively). The results of univariate 

logistic regression are shown in table 3. The multiple logistic regression model contained 

these variables along with two variable interaction terms combining expertise and clinical 

presentation variables. All interaction terms were non-significant, which allowed study of 
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the main effects of these three variables. Only novice/expert status was independently 

related to the odds of having deep knowledge structure, as is shown in table 4. 

Table 3: Variables Associated With Deep Knowledge Structure By Univariate 

Analysis 

Variable Reference group Crude odds ratio 

Expert Novice 3.84 [1.70, 8.64]z 

Potassium Other presentations 1.0 [0.41, 2.44] 

Acidosis Other presentations 1.55 [0.60, 4.0] 

Alkalosis Other presentations 1.0 [0.41, 2.44] 

ap.0001 

Table 4. Variables Associated With Deep Knowledge Structure By 

Muliyariate Analysis 

Variable Reference group Adjusted odds ratio 

Expert Novice 3.90 [1.72, 8.84]a 

Potassium Other presentations 1.38 [0.45,4.22] 

Acidosis Other presentations 1.99 [0.62, 6.38] 

Alkalosis Other presentations 1.38 [0.45, 4.22] 

ap000l  

The final equation for this model is: Log (p/1-p) = + 3inovexp 

This is estimated by our sample equation: Log (p/l-p) = b0 + binovexp 

Where: 

p = probability of having deep knowledge structure 

novexp = 1 if expert, 0 if novice 

b1 = an estimate of the difference in log odds of deep knowledge structure between 

experts and novices 

Fitting our sample data provides an estimate of this equation: 

Log (p/1-p) = 0.23 + 1.35novexp 
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The proportion of fellows and staff nephrologist identified as having deep knowledge 

structure was not different (95% versus 79%, respectively, P = 0.164). The proportion of 

fellows identified as having deep knowledge structure was significantly higher than that 

for novices (95% versus 55.8%, respectively, P = 0.002). These data are shown in 

appendix U. 

Table 5 below shows the degree of agreement between state propositions identified 

during the ConSort© task and process propositions identified during think aloud. 

Table 5. Relationship Between Propositions In Knowledge Structure And 

Propositions Used During Diagnostic Reasoning. 

Process proposition used Process proposition not used 

State proposition used 132 87 

State proposition not used 9 52 

The r, statistic was 0.3 1, i.e., 'fair agreement'. Nine of 141 propositions (6.4%) used 

during diagnostic reasoning were not identified during ConSort© and 87 of 219 

propositions (39.7%) identified during ConSort© were not used during diagnostic 

reasoning. The probability of identifying a state proposition on ConSort@ given it was 

used during diagnostic reasoning was 0.936 (i.e., sensitivity of ConSort' was 93.6%). 

The Relationship Between [State] Propositions In Knowledge Structure And 

[Process] Propositions Used During Diagnostic Reasoning In Novices And Experts 

Tables 6 and 7 below show the degree of agreement between state propositions and 

process propositions for novices and experts, respectively. 

Table 6. Relationship Between Propositions In Knowledge Structure And 

Propositions Used During Diagnostic Reasoning For Novices. 

Process proposition used Process proposition not used 

State proposition used 41 22 

State proposition not used 6 27 
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Table 7. Relationship Between Propositions In Knowledge Structure And 

Propositions Used During Diagnostic Reasoning For Experts. 

Process proposition used Process proposition not used 

State proposition used 91 65 

State proposition not used 3 25 

For novices the ic statistic was 0.42, i.e., 'moderate agreement'. Six of 47 propositions 

(12.8%) used during diagnostic reasoning were not identified during ConSort©. The 

sensitivity and specificity of ConSort© in identifying propositions that were used during 

diagnostic reasoning in novices was 87.2% and 55.1% respectively. For experts the K 

statistic was 0.25, i.e., 'fair agreement'. Three of 94 propositions (3.2%) used during 

diagnostic reasoning were not identified during ConSort©. The sensitivity and specificity 

of CpnSort© in identifying propositions that were used during diagnostic reasoning in 

exp6rts was 96.8% and 27.8% respectively. Experts did not [explicitly] use 41.7% of 

propositions in knowledge structure during diagnostic reasoning. The corresponding 

figure for novices was 34.9%. There was no a statistically significant difference between 

these proportions (P = 0.4). 

Variables Associated With The Use Of Different Diagnostic Reasoning Strategies In 

Novices And Experts 

There was a trend towards greater use of SIR and lesser use of HDR in experts compared 

to novices. This difference, however, did not reach statistical significance. The 

proportions of novices using each diagnostic reasoning strategy are shown in table 8. 

Table 8. Comparison Of Diagnostic Reasoning Strategies In Novices And 

Experts 

Diagnostic Reasoning Strategy Novice Expert P value 

SIR 44.2 56.6 0.21 

HDR 40.4 30.3 0.26 

NAS 15.4 13.2 0.80 
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To explore the variables associated with the use of diagnostic reasoning strategies the 

three diagnostic reasoning strategies (HDR, SIR and NAS) were considered separately. 

Simple logistic regression was performed using diagnostic reasoning strategy as a 

dichotomous dependent variable. Results are shown in tables 9 - 11. 

Table 9. Variables Associated With Using HDR By Univariate Analysis 

Variable Reference group Crude odds ratio 

Expert Novice 0.64 [0.30, 1.35] 

Deep knowledge structure in domain Surface knowledge structure 0.76 [0.34, 1.70] 

Potassium Other presentations 3.46 [1.50, 7.95]' 

Acidosis Other presentations 0.68 [0.28, 1.64] 

Alkalosis Other presentations 0.27 [0.09, 0.77]a 
ap<ØØ5 

bp<001 

/ 
I . 

Table 10. Variables Associated With Using SIR By Univariate Analysis 

Variable Reference group Crude odds ratio 

Expert Novice 1.64 [0.80, 3.35] 

Deep knowledge structure in domain Surface knowledge structure 1.28 [0.58, 2.76] 

Potassium Other presentations 0.27 [0.11,0.65]' 

Acidosis Other presentations 1.81 [0.79,4.12] 

Alkalosis Other presentations 3.15 [1.32, 7.52]a 

ap<001 

Table 11. Variables Associated With Using NAS By Univariate Analysis 

Variable Reference group Crude odds ratio 

Expert Novice 0.83 [0.30, 2.28] 

Deep knowledge structure in domain Surface knowledge structure 1.02 [0.33, 3.11] 

Potassium Other presentations 1.18 [0.38, 3.63] 

Acidosis Other presentations 0.56 [0.15, 2.08] 

Alkalosis Other presentations 0.84 [0.25, 2.76] 
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As before, the number of subjects in this study limited the number of independent 

variables. Novice/expert status was chosen as the primary independent variable as 

previous research has suggested that these groups may preferentially use different 

diagnostic reasoning strategies. 38 Knowledge structure type was chosen in view of the 

evidence presented in chapter 1 suggesting that knowledge applied in a problem-solving 

setting appears to be dependent upon knowledge structure in memory. Hyperkalemia and 

alkalosis were chosen as they had a significant effect by univariate analysis. Interaction 

terms combining expertise, knowledge structure and/or clinical presentation were 

considered in the logistic regression model. All interaction terms were non-significant, 

which allowed study of the main effects of these variables. The only variable 

independently associated with choice of strategy was the domain of hyperkalemia, which 

increased the odds of using HDR and reduced the odds of using SIR. None of the 

independent variables appeared to alter the odds of using NAS. These results are shown 

intéi.,les 12- 14. 

Table 12. Variables Associated With Using HDR By Multivariate Analysis 

Variable Reference group Adjusted odds ratio 

Potassium Other presentations 2.63 [1.10, 6.30]a 

Alkalosis Other presentations 0.38 [0.13, 1.13] 

ap<oos 

Table 13. Variables Associated With Using SIR By Multivariate Analysis 

Variable Reference group Adjusted odds ratio 

Potassium 

Alkalosis 

Other presentations 0.34 [0.13, O.87]a 

Other presentations 2.26 [0.90, 5.63] 

ap<005 

Table 14. Variables Associated With Using NAS By Multivariate Analysis 

Variable Reference group Adjusted odds ratio 

Potassium 

Alkalosis 

Other presentations 1.13 [0.34, 3.71] 

Other presentations 0.87 [0.24, 3.09] 



53 

A post-hoc analysis was performed which considered only the analytical diagnostic 

reasoning strategies (HDR & SIR). The findings of this analysis were not different from 

the analysis that considered all three strategies. These results are shown in appendix V. 

Variables Associated With Diagnostic Success In Novices And Experts 

The proportion of experts achieving diagnostic success was significantly higher than for 

novices (88.2% versus 67.3%, P = 0.007). To identify the variables associated with 

diagnostic success simple logistic regression was performed using diagnostic success as a 

dichotomous dependent variable. These results are shown in table 15. 

Table 15. Variables Associated With Diagnostic Success By Univariate Analysis 

Variable Reference group Crude odds ratio 

Expeft, 

Deep knowledge structure in domain 

Potassium 

Acidosis 

Alkalosis 

SIR 

NAS 

Novice 

Surface knowledge structure 

Other presentations 

Other presentations 

Other presentations 

Other strategies 

Other strategies 

3.62 [1.46, 8.95]" 

1.18 [0.45, 3.01] 

0.18 [0.07, 047]b 

2.08 [0.65, 6.58] 

1.51 [0.51, 4.41] 

20.2 1[4.52, 9034]b 

0.34 [0.11, 0.96]a 

ap.< 5 

bp<000 1 

The number of subjects in this study limited the number of independent variables for 

inclusion in the multiple logistic regression model. Diagnostic reasoning strategy (both 

SIR and NAS) was chosen as the primary independent variable as this was the primary 

research question. Novice/expert status and hyperkalemia were chosen as they appeared 

to have a significant effect by univariate analysis. Interaction terms combining diagnostic 

reasoning strategy, expertise and/or clinical presentation were considered in the model. 

The interaction terms between novice/expert status and the effect of NAS on diagnostic 

success was significant. As such this term could not be removed from the model. The 

interpretation of this interaction is that the success of a NAS depends upon whether a 

novice or an expert uses this strategy. This relationship is further explained by the fact 
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that the odds of diagnostic success for experts using NAS are not significantly different 

from those of other strategies (odds ratio 1.24. P = 0.85). By comparison the odds of 

diagnostic success for novices using NAS is significantly less than that of other strategies 

(odds ratio 0.11. P=  0.013) (see appendix W). The main effects of hyperkalemia and the 

use of SIR were studied. Both of these variables were independently related to the odds 

of diagnostic success. SIR significantly increased the odds of diagnostic success while 

the domain of hyperkalemia reduced the odds of diagnostic success. The adjusted odds 

ratios for these effects are shown in table 16. 

Table 16. Variables Associated With Diagnostic Success By Multivariate 

Analysis 

Variable Reference group Adjusted odds ratio or ratio of odds ratios 

SIR 

Potassium,  

Novice/expert & NAS interaction 

Other strategies 13.7 [2.83, 66.13]0 

Other presentations 0.21 [0.06, O.65] 

28.3 [1.0, 364.6] 

aP<005 

bp.<00 1 

¶ this is actually a ratio of odds ratios 

The final equation for this model is: 

Log (p/1-p) = Do + f3inonanal + 32sIr + 33novexp + 14k + f3snovexp*nonanal 

This is estimated by the sample equation: Log (p/1-p) = b0 + bjnonal + b2sir + b3novexp 

+ b4k + bsnovexp*nonanal 

Where: 

p = probability of diagnostic success 

nonanal = 1 if NAS, 0 if all other strategies 

sir = 1 if SIR, 0 if all other strategies 

novexp 1 if expert, 0 if novice 

k = 1 if hyperkalemia, 0 if another presentation 

novexp*nonanal = interaction between novexp and nonanal 

= an estimate of the difference in log odds of diagnostic success between subjects 

using SIR and other strategies 
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b4 = an estimate of the difference in log odds of diagnostic success between the 

presentation of hyperkalemia and all other presentations 

b5 = an estimate of the difference between the difference in log odds of diagnostic 

success for experts using NAS versus other strategies and the difference in log odds of 

diagnostic success for novices using NAS versus other strategies 

Fitting our sample data provides an estimate of this equation: 

Log (p/1-p) = 0.77— 1.59nonana1 + 2.62sir + 0.79n0vexp - 1.58k + 2.92n0vexp*nonanal 

The effects of SIR and hyperkalemia on the predicted probability of diagnostic success 

are shown in figures 1 and 2. 

Figure 1. Predicted Probability Of Diagnostic Success For SIR Versus Other 

Str4tegies 

probability of diagnostic success for SIR versus other strategies 
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Figure 2. Predicted Probability Of Diagnostic Success For Hyperkalemia Versus 

Other Domains 

probability of diagnostic success for hyperkalemia s other domains 
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The sensitivity and specificity of this model were tested using a probability cutoff of 

0.797 (the mean examination score was 79.7%). Thus, the probability of the model 

predicting if subjects would be in the top 50% or bottom 50% of diagnostic performers 

could be tested. The sensitivity and specificity were 81.4% and 84.6%, respectively 

(compared to 50% without the model). These data are shown in appendix X. 

Having found that novices and experts do not appear to differ significantly in their 

use of the various diagnostic reasoning strategies, the success, or otherwise, of these 

strategies in the hands of experts and novices was explored. This was examined using a 

stratified analysis where the dependent variable was diagnostic success, the independent 

variable was the diagnostic reasoning strategy and stratification variable was expert or 

novice. The results of the stratified analysis are shown in appendix Y. From these results 

it can be seen that for both experts and novices the use of HDR was associated with a 

reduced odds of diagnostic success (adjusted odds ratio 0.20 [0.07, 0.53]), with expertise 

having a weakly negative confounding effect (due to the fact that experts had greater 

diagnostic success in general). By contrast, for both experts and novices the use of SIR 

was associated with increased odds of diagnostic success (adjusted odds ratio 19.33 

[4.30, 86.86]), with expertise having a weakly positive confounding effect (due to the fact 
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that experts had greater diagnostic success in general). When using NAS, expertise 

appeared to be an effect modifier for the effect of NAS on diagnostic success. The p-

value for the MH test of homogeneity is 0.09 but this is not an exact test (the likelihood 

ratio test for logistic regression reached statistical significance). For novices, using NAS 

reduced the odds of diagnostic success (stratum-specific odds ratio 0.11 [0.01, 0.78]), 

whereas for experts using NAS did not influence the odds of diagnostic success (stratum-

specific odds ratio 1.24 [0.13, 61.12]). 

The proportion of fellows and staff nephrologist achieving diagnostic success was 

not different (95% versus 86%, respectively, P = 0.431). The proportion of fellows 

achieving diagnostic success was significantly higher than that for novices (95% versus 

67.3%, respectively, P = 0.016). These data are shown in appendix Z. 
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Results Of Study B 

Thirty subjects, all of whom were first year medical students, participated in this study. 

The mean (±SD) age was 24.7 (±2.64) years and the male:female ratio was 1:3. Seventy 

five percent of subjects had completed an undergraduate science degree and 25% had 

completed an MSc and/or PhD prior to attending medical school. Overall mean score in 

the 24 problem solving examination questions was 73.1% (±10.4). Schemes were 

reported as a useful learning strategy by 91.7% of subjects while 37.5% designed their 

own schemes. The mean score in the Medical Colleges Admission Test (MCAT) was 

31.4 (±3.4) and the mean grade point average (GPA) was 3.56 (±0.23). Subjects studied 

on average 2.11 (±1.11) hours per day during the Renal Course 2002. More than 90% of 

students stated that schemes were used explicitly during lectures on the domains of 

interest. Scheme use by students was greater than 90% for each of the domains of 

interst. Scheme use by preceptors during the small group sessions was, however, much 

low'et than scheme use by students. These figures are shown in table 17. Also shown are 

the mean scores for students in each of the domains. These results were not formally 

tested using oneway ANOVA because Bartlett's test for equal variances was significant; 

i.e., groups had unequal variances, thus violating an assumption of oneway ANOVA (P = 

0.01). 

Table 17. Scheme Use By Students And Small Group Preceptors 

Presentation 

Hyponatremia Hyperkalemia Acidosis Alkalosis 

Scheme use (%) 91.7 95.8 95.8 95.8 

Scheme use in small groups (%) 45.8 41.7 37.5 37.5 

Mean score (±SD) 84.4 (13.1) 61.1 (12.6) 71.0 (16.6) 76.7 (21.7) 

Within each domain there was a trend towards better performance for students with deep 

knowledge structure. Scores for each domain are shown in table 18. 



59 

Table 18. Examination Scores For Each Domain By Knowledge Structure 

Subjects with deep knowledge Subjects with surface knowledge P value 

Hyponatremia 88.0 (11.2) 79.2 (14.4) 0.07 

Hyperkaleinia 61.8 (14.1) 60.3 (10.8) 0.75 

Acidosis 74.2 (14.7) 63.5 (19.0) 0.11 

Alkalosis 80.0 (21.7) 72.9 (24.3) 0.38 

Variables Associated With Deep Knowledge Structure In Novices 

To identify the variables associated with deep knowledge structure simple logistic 

regression was performed using deep knowledge structure as dichotomous dependent 

variable. These results are shown in table 19. 

Table 19. 

Analysis 

Variables Associated With Deep Knowledge Structure By Univariate 

Variable Reference group Crude odds ratio or rate of 

change in odds ratio 

Scheme use by learner 

Scheme use by small group preceptor 

Science undergraduate 

Previous MSc or PhD 

Male sex 

Hyperkalemia 

Acidosis 

Alkalosis 

MCAT score 

GPA 

Nightly hours of study 

Age 

Non-scheme use 

Non-scheme use 

Non-science undergrad 

No MSc or PhD 

Female sex 

Other presentations 

Other presentations 

Other presentations 

4.95 [1.99, 12.31]0 

1.33 [0.95, 1.87] 

0.46 [0.31, 069]b 

0.8 [0.58, 1.17] 

2.66 [1.77, 4.00]a 

0.71 [0.50, 103b 

1.79 [1.29, 2.5]a 

0.86 [0.59, 1.23] 

1.07 [1.0, 1.15] 

0.62 [0.25, 1.50] 1 

1.44 [1.22,1.71]a' 

0.97 [0.91, 1.04] ' 

ap<ØçJ5 

bp<00 1 

this represents a rate of change in odds ratio per unit change in independent variable 

The number of subjects in this study limited the number of independent variables that 

could be entered into the multiple logistic regression model. Scheme use by small group 
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preceptor was chosen as the primary independent variable rather than scheme use by 

students because of the small number of students who did not use schemes (5.2%). 

Hyperkalemia was chosen because of the apparent discrepant results between this clinical 

presentation and the others as regards the effect of knowledge structure on examination 

scores. Sex was chosen as the third independent variable because of the apparent 

magnitude of effect and because of previous evidence suggesting a difference between 

males and females in visuospatial working memory.47 Interaction terms for scheme use 

by preceptors, hyperkalemia and/or sex were considered in the logistic regression model. 

All interaction terms were non-significant, which allowed study of the main effects of 

these three variables. The three variables chosen were all independently related to the 

odds of having deep knowledge structure. Explicit use of schemes in small groups by 

preceptors significantly increased the odds of deep knowledge structure. Male sex also 

significantly increased the odds of deep knowledge structure. The domain of 

byprkalemia was associated with reduced odds of deep knowledge structure. The 

adjusted odds ratios for these effects are shown in table 20. 

Table 20. Variables Associated With Deep Knowledge Structure By 

Multivariate Analysis 

Variable Reference group Adjusted odds ratio 

Scheme use by small group preceptor Non-scheme use 1.63 [1.14, 2.32]t 

Hyperkalemia Other presentations 0.51 [0.34, 0.76]" 

Male sex Female sex 3.03 [1.99,4.63]" 

ap<005 

'P<0.01 

The final equation for this model is: 

Log (p/1-p) = 13° + 131schsg + 132k + 133sex 

This is estimated by our sample equation: Log (p/l-p) = b0 + bischsg + b2k + b3sex 

Where: 

p = probability of having deep knowledge structure 

schsg = 1 if scheme used by small group preceptor, 0 if not 

k = 1 if hyperkalemia, 0 if another presentation 
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b1 = an estimate of the difference in log odds of deep knowledge structure between 

subjects in small groups where preceptors used schemes and those in groups where 

schemes were not used 

b2 = an estimate of the difference in log odds of deep knowledge structure between the 

presentation of hyperkalemia and all other presentations 

b3 = an estimate of the difference in log odds of deep knowledge structure between males 

and females 

Fitting our sample data provides an estimate of this equation: 

Log (p/1-p) = 0.96 + 0.49schsg - 0.68k + 1.1 isex 

Variables Associated With Diagnostic Success In Novices 

To identify the variables associated with diagnostic success simple logistic regression 

was performed using diagnostic success as a dichotomous dependent variable. These 

results are shown in table 21. As previously, the number of subjects in this study limited 

the number of independent variables. Deep knowledge structure was chosen as the 

primary independent variable as this was the primary research question. Hyperkalemia 

was chosen because of the apparent discrepant results between this domain and the others 

as regards examination scores, in addition to having a significant effect by univariate 

analysis. Scheme use by small group preceptor was chosen because this effect was close 

to achieving statistical significance by univariate analysis. Interaction terms between 

knowledge structure type, hyperkalemia and/or scheme use by preceptor were considered 

in the logistic regression model. All interaction terms were non-significant, which 

allowed study of the main effects of these three variables. Deep knowledge structure and 

hyperkalemia were independently related to the odds of diagnostic success. Deep 

knowledge structure significantly increased the odds of diagnostic success while the 

domain of hyperkalemia was associated with reduced odds of diagnostic success. The 

adjusted odds ratios for these effects are shown in table 22. The effect of scheme use by 

small group preceptors did not reach statistical significance but remained in the model 

because the model without this variable was significantly different from the model that 
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because the model without this variable was significantly different from the model that 

included it. Scheme use by preceptors had a negative confounding effect on the effect of 

deep knowledge structure on the odds of diagnostic success. This is evidenced by the fact 

that the odds ratio adjusted for the effects of scheme use by preceptors is greater than the 

crude odds ratio for the effect of deep knowledge structure (see appendix AA). 

Table 21. Variables Associated With Diagnostic Success By Univariate Analysis 

Variable Reference group Crude odds ratio or rate of 

change in odds ratio 

Deep knowledge structure in domain 

Scheme use by learner 

Scheme use by small group preceptor 

Science undergraduate 

Previous MSc or PhD 

Malt sex 

Potassium 

Acidosis 

Alkalosis 

MCAT score 

GPA 

Nightly hours of study 

Age 

Surface knowledge structure 

Non-scheme use 

Non-scheme use 

Non-science undergrad 

No MSc or PhD 

Female sex 

Other presentations 

Other presentations 

Other presentations 

1.51 [1.08,2.10]' 

1.20 [0.53, 2.68] 

1.41 [0.96, 2.08] 

0.81 [0.52, 1.27] 

1.06 [0,69, 1.63] 

1.11 [0.72, 1.72] 

0.47 [0.32, 068]b 

0.86 [0.60, 1.24] 

1.27 [0.83, 1.94] 

1.01 [0.93, 1.08]1 

0.83 [0.30, 2.23]1 

1.01 [0.84, 1.21]1 

1.05 [0.97, 1.13]1 

ap<005 

bp<00 

¶ this represents a rate of change in odds ratio per unit change in independent variable 

Table 22. 

Analysis 

Variables Associated With Diagnostic Success By Multivariate 

Variable Reference group Adjusted Odds Ratio 

Deep knowledge structure in domain 

Scheme use by small group preceptor 

Potassium 

Surface knowledge structure 

Non-scheme use 

Other presentations 

1.53 [1.04,2.25]' 

1.39 [0.94, 2.07] 

0.48 [0.31, 073]b 

bp<001 
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The final equation for this model is: 

Log(p/1-p) = o + Pideep + P2Schsg + P3k 

This is estimated by our sample equation: Log(p/1-p) = b0 + bideep + b2schsg + b3k 

Where: 

p = probability of diagnostic success 

deep = 1 if deep knowledge structure, 0 if surface knowledge structure 

schsg = 1 if scheme used by small group preceptor, 0 if not 

k = 1 if hyperkalemia, 0 all other presentations 

b1 = an estimate of the difference in log odds of diagnostic success between subjects with 

deep knowledge structure and surface knowledge structure 

b2 = an estimate of the difference in log odds of diagnostic success between subjects in 

small groups where preceptors used schemes and those in groups where schemes were 

not tted 

b3 = an estimate of the difference in log odds of diagnostic success between the 

presentation of hyperkalemia and all other presentations 

Pitting our sample data provides an estimate of this equation: 

Log(p/1-p) = 0.88 + 0.43deep + 0.33schsg - 0.74k 

The sensitivity and specificity of this model were tested using a probability cutoff of 

0.731 (the mean examination score was 73.1%). Thus, the probability of the model 

predicting if subjects would be in the top 50% or bottom 50% of diagnostic performers 

could be tested. The sensitivity and specificity were 60.5% and 60.1%, respectively 

(compared to 50% without the model). These data are shown in appendix AB. 
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CHAPTER FOUR: DISCUSSION 

Discussion Of Study A 

Discussion Of The Reliability Of ConSort© 

Tests of both inter-rater and intra-rater reliability found this to be a reliable indirect 

method for assessing knowledge structure in the four domains studied. While the pencil 

and paper version of concept sorting was also found to have high inter-rater reliability, 

the computerized version was felt to be more reliable for two reasons. Firstly, subjects 

were asked to label the groups formed. Secondly, subgroups could be formed such that 

knowledge structure could be examined in greater detail. This allowed knowledge 

structure to be displayed in a hierarchal manner (the perceived knowledge structure of 

experts in these domains) rather than merely as chunks, as was the case for the pencil and 
/ 

papr version. Both of these advances in the computerized version of concept sorting 

required less inference on the part of the rater, thus reducing determination bias and 

increasing reliability. It was also felt that the agreed-upon expert framework for each 

presentation was essential to provide some degree of objectivity and meaning to the 

scoring process. The four domains studied appear to have highly organized knowledge 

structure, at least in the minds of experts. It is likely that for less structured domains, such 

as those encountered in Psychiatry, creating an agreed-upon expert framework would 

present a much greater challenge.8 As such, the reliability of ConSort© as demonstrated 

here might not translate to less structured domains. 

In addition to a high degree of reliability for scoring ConSort© , the analysis of 

transcripts and determination of diagnostic reasoning strategy was also shown to be 

highly reliable. 

Discussion Of The Validity Of ConSort© 

Reliability of ConSort© is a precondition for validity. ConSort© has face validity because 

the task of categorization is similar to the process by which a diagnosis is made.'3 

Similarly, the hierarchal structure created is felt to be a valid representation of knowledge 

structure in the domains studied. This might not be a valid assumption for other 
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domains.8 If ConSort© is truly measuring knowledge structure then some of the 

assumptions that we make of knowledge structure should be supported by ConSort©. This 

is the essence of construct validity. It is assumed that experts in a given domain will have 

greater knowledge structure than novices in that domain. Consequently, demonstrating 

that the expertise was an independent predictor of having deep knowledge structure 

provided divergent construct validity to ConSort©. Another assumption of knowledge is 

that in order for knowledge to be applied in a diagnostic reasoning setting it must be 

stored in memory and be available for recall. Demonstrating that greater than 93% of 

knowledge applied during diagnostic reasoning could be identified as stored and 

recallable knowledge by ConSort© provided convergent construct validity to ConSort©. 

As such, it appears that ConSort© is both a reliable and valid measure of knowledge 

structure. Similarly, demonstrating that experts outperformed novices on the problem-

solving questions used in this study offered divergent construct validity to these problems 

Discussion Of The Relationship Between Propositions In Knowledge Structure And 

Propositions Used During Diagnostic Reasoning In Novices And Experts 

Comparing propositions in knowledge structure and propositions used during diagnostic 

reasoning for novices demonstrated 'moderate agreement' while experts demonstrated 

'fair agreement'. The relatively low level of agreement was due to the fact that some 

propositions contained in stored knowledge were not explicitly recalled during diagnostic 

reasoning by both experts and novices. This was despite the fact that these propositions 

were felt to contain knowledge that was required for successful resolution of the 

problems presented. This observation of 'skipped' knowledge is contrary to the opinion 

of Patel who states that if even one rule (in this case process proposition) is not accessed 

then the method [of diagnostic reasoning] cannot possibly work .3' Think aloud and 

ConSort© were both performed within a short time period, such that significant loss or 

gain of knowledge was unlikely. A more likely explanation is that during diagnostic 

reasoning not all available and relevant knowledge is [consciously] used. There is 

evidence to support this explanation, particularly in experts, from previous studies .2' A 

second explanation is that stored knowledge is being used in NAS and cannot, therefore, 

be verbalized. While this appeared to occur in some cases, this explanation would appear 
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to be the exception rather than the rule as NAS were the least used diagnostic reasoning 

strategy in this study. A third explanation is that propositions used during diagnostic 

reasoning were forgotten or suppressed during the post-hoc explanation of the process.3° 

The high degree of sensitivity of ConSore in identifying propositions that were 

used during diagnostic reasoning in both experts and novices supports the view that 

diagnostic reasoning is dependent upon knowledge that is stored and retrievable from. 

memory. This high degree of sensitivity would also suggest that ConSort© may be useful 

as a screening test for diagnostic competence as it appears that knowledge not identified 

by ConSort© is unlikely to be available during diagnostic reasoning. 

Discussion Of The Variables Associated With The Use Of Different Diagnostic 

Reasoning Strategies In Novices And Experts 

The, fourth hypotheses in study A was that subjects with surface knowledge structure 

would be more likely to use 'general' methods of diagnostic reasoning, such as 

hypothetico-deductive reasoning, whereas subjects with deep knowledge structure could 

choose between 'general' and 'specific' methods (e.g., SIR) of diagnostic reasoning. 

While there was a trend towards greater use of SIR and lesser use of HDR by subjects 

with deep knowledge structure (odds ratios 1.28 and 0.76 respectively), this was not 

significant and did not, therefore, support the study hypothesis. Also unsupported was the 

theory that experts would preferentially choose SIR and avoid HDR although, as 

previously, there was a trend towards this (odds ratios 1.64 and 0.64 respectively).38 post-

hoc analysis that considered only the analytical strategies did not change these results 

(appendix V). There are several possible explanations for these results. The first 

explanation that should be considered is the possibility of a type 2 error. If we consider 

only HDR (compared to other 'specific' strategies) then the proportion of individuals 

with surface and deep knowledge structure that used this strategy was 39% and 33% 

respectively. Assuming that these proportions are representative of the 'true' proportions 

in the population, the required sample size [assuming a = 0.05 and power = 0.8] to show 

a difference in use of HDR between subjects with deep and surface knowledge is 1037 in 

each group (appendix AC). Similarly, the required sample size for the comparison of 

experts and novices using HDR (proportions 30% and 40% respectively) is 376 in each 
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group (appendix AC). Studies with the required power are unlikely to be performed. 

Three other explanations of these apparently negative findings are, however, worthy of 

consideration. First, the 'choice' of diagnostic reasoning strategy is influenced by, but not 

mandated by, knowledge structure. As such, subjects with deep knowledge structure can 

still choose HDR despite the fact that SIR would seem to be available to them. This 

choice is presumably made on the basis of variables other than knowledge structure, such 

as task difficulty. Evidence of switching between different diagnostic reasoning strategies 

during think aloud supports this explanation. Also supportive is the finding that the 

presentation of hyperkalemia had the greatest [and only statistically significant] effect on 

the choice of diagnostic reasoning strategy. As is discussed below, for both novices and 

experts the odds of diagnostic success was lower for the presentation of hyperkalemia 

than for any other presentation. A second explanation is that the nature of the educational 

expejñence at the University of Calgary may influence the choice of diagnostic reasoning 

strategy in novices. Courses such as the Renal Course 2002 explicitly encourage the use 

of diagnostic schemes by students in an attempt to facilitate the development of deep 

knowledge structure and to make available the strategy of SIR. As such, this teaching 

strategy may have reduced the magnitude of difference between novices/experts and 

subjects with deep/surface knowledge structure. If this were the case then the teaching 

strategy should be considered effective! A third explanation is that the cut point for 

deciding upon knowledge structure type based upon the number of state propositions is 

invalid. The decision was made to select three or more propositions to represent deep 

knowledge structure as this was the lowest number identified in experts while 

establishing the expert frameworks for ConSort©. As such, it was felt that three 

propositions appeared to be the entry level for deep knowledge structure. This 

explanation would not explain the failure to find a difference between novices and 

experts in the use of diagnostic reasoning strategies. 

Our overall interpretation of these results is that for the domains studied the 

effects of knowledge structure and experience on the choice of diagnostic reasoning 

strategy may have been overshadowed by the effects of task difficulty [in the domain of 

hyperkalemia] and instructional design. 
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Discussion Of The Variables Associated With Diagnostic Success In Novices And 

Experts 

In this final part of study A, we hypothesized that there would be a significant interaction 

between knowledge structure and the effect of diagnostic reasoning strategy on 

diagnostic success in novices and experts. This hypothesis was not fully explored because 

we chose to drop knowledge structure from the multiple logistic regression model based 

upon the results of simple logistic regression. Instead we observed a significant 

interaction between novice/expert status and the effect of NAS on diagnostic success. 

This implies that the success of NAS depends upon whether they are used by a novice or 

an expert. This finding is not surprising if one considers that the indexing system for 

making a diagnosis using NAS comprises idiosyncratic knowledge structures (instance 

scripts) that arise from a physician's unique clinical experience.'6'7 The difference in 

cliniçal experience between novices and experts is such that indexing system of the 

former would be expected to be vastly inferior to the latter. This finding has important 

implications for instructional design in medical schools. It would imply that NAS should 

only be encouraged when the curriculum can ensure that sufficient clinical experience has 

been gained to allow the formation of an expert-like knowledge structure. Alternatively, 

such strategies should be accompanied by a warning similar to that issued before 

televised wrestling. . ."the following is intended for expert audiences, user discretion is 

advised "! 

The finding that the presentation of hyperkalemia was associated with reduced 

odds of diagnostic success in both novices and experts is discussed in part above and 

below. The finding that both experts and novices vary in their performance between 

different domains is not new and this finding is consistent with the phenomenon of 

content (or case) pecificity described by Elstein 25 years ago.34 

The finding that inductive reasoning significantly increased the odds of diagnostic 

success has been confirmed by some and refuted by other.3038 These discrepant results 

may be partly explained by a fundamental difference in the description of the 'inductive' 

process. The process of inductive reasoning described by Eva refers to the forward 

direction of reasoning.30 By comparison, SIR as described here and by Coderre, refers 

firstly to the presence of a [hierarchical or 'scheme'] knowledge structure that facilitates 
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forward reasoning from data to diagnosis (hence 'SIR' not 'IR').3638 Those who argue 

against SIR being associated with greater odds of diagnostic success believe that this 

observation is due to post-hoc modification of the description of the diagnostic reasoning 

strategy used (towards SIR), which gives rise to determination bias. Observing that 

subjects (both novices and experts) frequently switched between different diagnostic 

reasoning strategies during think aloud weakens this explanation. Opponents also claim 

that confidence in having solved the problem would favour a SIR description of the 

process and that this may explain why SIR appeared to be used less with the [more 

difficult] presentation of hyperkalemia. This, however, still does not explain why subjects 

would move between different strategies. If one accepts that the superior diagnostic 

performance associated with SIR is not merely a phenomenon of the think aloud process 

then there are two possible ways of explaining this finding. The first is that subjects make 

a deliberate decision to use a given strategy and that the difficulty, or otherwise, 

encUntered is a consequence of the choice made. This would appear to be an unlikely 

explanation as subjects, if this were the case, would be expected to consistently choose 

the same strategy and to avoid strategies, such as HDR, that appear to be less successful. 

A more plausible explanation is that the 'choice' of strategy is a partly a consequence of 

the difficulty, or otherwise, encountered. Although not directly supported by our results, 

it is likely that task difficulty is partly objective and partly subjective, the latter being 

related to knowledge structure and expertise in the domain of study. The teaching 

implications of this finding are that teaching different diagnostic reasoning strategies and 

how to choose between them may be illogical. Organizing the educational experience 

such that novices are given the tools (such as deep knowledge structure) to make a 

variety of diagnostic reasoning strategies available would appear to be a more logical 

goal. 

Our results could be interpreted as 'proof that all NAS should be discouraged in 

novices. We would urge caution in drawing this conclusion, as our study was not 

designed to distinguish between the different types of NAS. While most would agree that 

guessing should be avoided, other, more effective, NAS may be advantageous. If novices 

can truly be taught to use [expert] pattern recognition as effectively as experts then this 

diagnostic reasoning strategy should be added to their armamentarium. This, however, 
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remains unproven. It is our belief that in a three or four years undergraduate curriculum 

experts pattern recognition cannot be mastered. This belief is supported by research in the 

areas of expertise. 25 As such, the burden of proof lies with those who believe that novices 

can be taught [expert] pattern recognition. Until this proof becomes available it is our 

belief that the teaching of effective analytical diagnostic reasoning strategies, such as 

SIR, should prevail. 

Discussion Of Study B 

Discussion Of The Variables Associated With Deep Knowledge Structure In Novices 

In this part of our study we hypothesized that scheme utilization by novices during 

leariing, and by preceptors during teaching, would improve novices' knowledge 

struture. Some of the information used as explanatory variables was dependent upon 

subjects' recall of their educational experiences. The recall of schemes being used during 

lectures was taken as an estimate of the reliability of student recall. The lectures for the 

four domains of interest had preceded the small group sessions and had been delivered by 

one of the researchers (KM or HM). Schemes had been used explicitly during these 

lectures and the recall rate of scheme utilization of greater than 90% suggesed that 

subject recall was reliable. 

The finding that scheme utilization by preceptors during small group sessions 

predicted deep knowledge structure in novices is potentially very important. Explaining a 

scheme during a lecture may provide meaning to this structure. By itself, however, this is 

unlikely to shape the knowledge structure of learners. Scheme utilization during 

diagnostic reasoning in small groups provides the external and internal encoding 

specificity, in addition to deliberate practice with feedback, that is required for structuring 

knowledge and facilitating spontaneous analogy transfer.22252633 The teaching 

implications of this finding are that, in addition to using schemes in lectures and 

encouraging their use by learners, small group sessions should include the explicit use of 

schemes as a cognitive strategy. It is our belief that during small group sessions 
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preceptors should model schemes and feedback should be given on both the process and 

the outcome of scheme utilization. 

The finding that the presentation of hyperkalemia was associated with reduced 

odds of deep knowledge structure in novices is consistent with the phenomenon of 

content specificity. 34 More importantly, this finding might partly explain the phenomenon 

of content specificity. In this study we observed that novices have poorer knowledge 

structure in the domain of hyperkalemia. In study A, we observed that novices were more 

likely to use HDR in the domain of hyperkalemia. In both studies we observed that for 

novices the likelihood of diagnostic success was significantly lower in the domain of 

hyperkalemia than in other domains. This important finding should not be ignored 

because identifying an area where novices [and experts] consistently experience 

difficulties should lead to a reorganization of the educational experience to allow for 

morg time to be spent explaining and mastering these areas of conceptually challenging 

content. 

The finding that male sex appears to increase the odds of having deep knowledge 

structure is intriguing and needs to be confirmed by further studies. Diagnostic schemes 

are a visuospatial cognitive strategy and previous work has suggested that males perform 

higher than females on tasks that use visuospatial memory.48 More recent work has, 

however, suggested that this difference is negated if there are no time constraints (there 

were no time constraints for ConSort©) and, contrary to previous reports, females actually 

outperform males on some visuospatial tasks .47 4̀9 If confirmed, this finding might also 

have important teaching implications. It may be that use of visuospatial cognitive 

strategies, such as schemes, are more or less helpful in different groups of learners. It has 

been our anecdotal experience that some learners find schemes very unhelpful and refuse 

to use them during learning. Although purely speculative at this point, it is possible that 

affection or aversion for schemes is related to the capacity of visuospatial memory. 

Discussion Of The Variables Associated With Diagnostic Success In Novices 

In this part of the study we hypothesized that novices with greater knowledge structure 

would have increased odds of diagnostic success. The results observed provided 

supporting evidence for this hypothesis. The explanation for this result is that knowledge 
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must be stored and accessible to allow for spontaneous analogy transfer.33 ConSort© 

measures knowledge that is stored and can be retrieved. Thus subjects with greater 

retrievable knowledge would be expected to perform better in tasks where they are 

required to apply this knowledge to a new problem during diagnostic reasoning. The 

teaching implication of this is that cognitive strategies aimed at facilitating deep 

knowledge structure in novices should be evaluated and, if successful, applied during the 

educational experience. 

The finding that the presentation of hyperkalemia was associated with reduced 

odds of diagnostic success in novices is, once again, consistent with the phenomenon of 

content specificity and the teaching implications of this are discussed above. 

Although the effect of scheme utilization by small group preceptors did not reach 

statistical significance, there was a positive trend for this effect and the model that 

excluded this variable differed significantly from the model that included this. Moreover, 
/ 

schehie use by preceptors was a negative confounder for the effect of deep knowledge 

structure on diagnostic success. This may be interpreted as suggesting that scheme use by 

preceptors may improve the odds of diagnostic success in a way that is independent of its 

effect on knowledge structure and may, in some way, compensate for the lack of deep 

knowledge structure. One possible explanation for this is that scheme use by preceptors is 

modeling SIR which, from study A, appears to increase the odds of diagnostic success. 

The effect of scheme utilization by small group preceptors, independent of its effect on 

knowledge structure, requires further exploration. 
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CHAPTER FIVE: CONCLUSION 

Medical diagnosis is a protean challenge. The challenge is partly related to objective task 

difficulty and partly related to the tools that the diagnostician has at her or his disposal for 

dealing with the task. The tools for successful diagnosis appear to be knowledge 

structure, the ability to successfully apply stored knowledge to a new problem during the 

diagnostic reasoning process, and domain expertise. These three attributes are, to some 

extent, inter-dependent. Superior knowledge structure appears to make the application of 

stored knowledge more efficient and effective. Similarly, the development of expertise in 

medical domains, as opposed to mere 'experience', is likely dependent upon knowledge 

structure and the successful application of this in the clinical setting. 

If knowledge structure is a prerequisite for the successful application of 

diagIlQstic reasoning strategies and the development of medical expertise then assessment 

of knowledge structure should be predictive of diagnostic success. In study B, which 

dealt exclusively with novices, this was indeed found to be the case. Traditional 

assessments of competence have focussed on dynamic tasks, many of which have been 

abandoned due to poor reliability and predictive validity.50 For the assessment tools that 

have survived there is a concern that the number of questions on each domain in standard 

exams in insufficient to provide a stable estimate of performance.5' Assessment of 

knowledge structure is, by comparison, a static task and, as such, may be more 

generalizable than a single dynamic task. Thus far the routine assessment of static 

knowledge structure has not been used as an evaluation tool to predict deficiencies in 

competency or performance. Reliability and validity are prerequisites for such a tool. 

ConSort© has sufficient reliability and validity to suggest that it may be a useful measure 

of static knowledge structure. Moreover, the sensitivity of this tool in estimating stored 

and retrievable knowledge structure allows some degree of confidence in predicting that 

knowledge found to be deficient by ConSort© is unlikely to be available for application 

during diagnostic reasoning. As such, the applicability of tools, such as ConSort©, 

designed to evaluate static knowledge structure should be explored, either as an 

alternative to or as an addition to, existing tools that evaluate dynamic tasks. Another 

implication of considering knowledge structure a milestone on the journey to medical 
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expertise is that educational interventions can be specifically geared towards improving 

this surrogate end-point. Visuospatial cognitive strategies such as schemes appear to be 

effective in the domains studied here. This finding may not be generalizable to other 

domains. Knowledge structure assessment tools, such as ConSort©, may be useful for 

comparing the effectiveness of different educational interventions on the development of 

knowledge structure. Comparisons of interventions at an individual, departmental, or 

curricular level can be made. 

While static knowledge structure would appear to be an important determinant of 

diagnostic success in medical students, undergraduate medical education must also focus 

on the other tools of successful diagnosing. In this study we confirmed the finding of a 

previous study that the use of SIR increases the odds of diagnostic success. 38 Once again, 

it should not be assumed that this finding is generalizable as the domains studied have 

highly structured knowledge that lends itself to hierarchal knowledge structure, at least in 

the thinds of experts, and to the process of SIR. Cognitive strategies, such as schemes, are 

designed to facilitate the development of both declarative knowledge structure (assessed 

by ConSort©) and procedural and conditional knowledge, such as is used during all parts 

of the problem solving process, including data gathering, diagnostic reasoning, formation 

of a therapeutic plan and patient management. Specifically, as their name suggests, they 

are designed to foster SIR. Given the increased odds of deep knowledge structure and the 

trend towards increased odds of diagnostic success with this strategy, this would appear 

to be a worthwhile goal. This sentiment should be tempered by stating that not all 

attempts at SIR met with diagnostic success and that not all attempts at HDR or NAS met 

with diagnostic failure. This has two implications. Firstly, no single strategy can be 

considered the panacea for diagnostic success and the 'best' strategy varies between 

different situations and different users. Secondly, not all users of a given diagnostic 

reasoning strategy are using this with equal effectiveness. This leads to two important 

questions: "How is a decision made about which diagnostic reasoning strategy to use?" 

and "How can the effectiveness of diagnostic reasoning strategies be improved?" 
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How Is A Decision Made About Which Diagnostic Reasoning Strategy To Use? 

Experts and novices (and presumably everyone in between) use each of the various 

strategies at different times and there is not a single dominant strategy at either end of the 

expertise spectrum. The most any strategy can claim is that it is used by some of the 

people, some of the time, on some content. Moreover, as observed here, in the process of 

solving a single problem several strategies may be utilized by an individual. It is not clear 

what rules govern the selection of diagnostic reasoning strategy but this does not appear 

to be a conscious decision. It is also unclear whether different strategies are used 

sequentially or whether they are all used simultaneously. Do we have enough RAM to 

run all the executable files together? 

There is evidence to suggest that when solving routine medical problems experts 

use NAS, such as PR, preferentially, and that when faced with more taxing, non-routine 

problems, analytical techniques are used,' 7;46 This observation suggests some possible 

determinants of diagnostic reasoning strategy selection. It is proposed that each clinical 

encounter creates a strengthening of the knowledge links in the given domain and also 

creates another pathway for data retrieval (due to encoding specificity). Consequently, 

common problems are associated with a variety of retrieval routes, which facilitates 

effortless and subconscious data retrieval. Similarly, each clinical encounter generates an 

instance script. With common problems it is likely that there is a large array of instance 

scripts against which new [but common] problems can be compared. This availability of 

data and ease of retrieval means that a process such as PR is likely to be successful. This 

luxury is unlikely to be afforded for more complex or unusual cases where more effortful 

and conscious strategies are likely to be required. In addition to case familiarity, case 

difficulty and knowledge structure, it is likely that other variables, such as diagnostic 

confidence, time constraint and personality traits all interact in the selection of strategy 

choice. In the experimental situation the nature of the problem presentation may also 

influence the choice of strategy. For example, the presentation of diagnostic options in a 

type X format may encourage HDR. As yet this theory remains unproven. The golden 

rule of strategy selection is probably "choose the strategy that gives what is believed to 

be the correct diagnosis in the least time with the least effort'. Appendix AD shows one 

possible scheme for selection of diagnostic strategy that follows the golden rule. 
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How Can The Effectiveness Of Diagnostic Reasoning Strategies Be Improved? 

If the choice of a particular diagnostic reasoning strategy were a free and conscious 

decision then improving the likelihood of diagnostic success would be merely a matter of 

teaching physicians how to choose the correct strategy. Unfortunately subjects appear to 

be poor judges of the diagnostic reasoning strategy they are using and, as discussed 

above, the choice of strategy is usually imposed upon the user without their consent .30 If 

the difference between experts and novices lies in the availability and effective use of 

diagnostic reasoning strategies, then improving these would be expected to have a 

beneficial effect on diagnostic reasoning in novices. In essence, successful diagnostic 

reasoning is being able to apply knowledge learned in one setting to another setting; a 

process known as spontaneous analogy transfer (SAT).33 Four steps in SAT have been 

identified: 

1. "Encoding the new problem in such a way as to allow... 

2. Retrieval of the encoded analogue. 

3. Preferential selection of the [correct] encoded analogue. 

4. Adaptation of the encoded analogue to the new problem. 

Steps 1-3 relate to knowledge structure and, in particular, the effects that external and 

internal encoding specificity have on knowledge structure. Knowledge structure affects 

retrieval of knowledge and the format of retrieved knowledge (as prototypes, hierarchies, 

and/or scripts), in turn, determines the availability of diagnostic reasoning strategies. 

Thus, the strategies described above that facilitate knowledge structure may also improve 

the effectiveness of diagnostic reasoning. Interestingly, while strategies aimed at 

improving hierarchal structure have been shown to improve diagnostic reasoning, 

strategies designed to improve semantic links (± prototype structure) have not been found 

to be effective.428 Strategies aimed at improving the effectiveness of pattern recognition 

via enhances script formation have not been studied. On a larger scale curricular design 

may also affect knowledge structure. The clinical presentation curriculum at the 

University of Calgary was specifically designed to facilitate step 1 of SAT. The 

philosophy of this curriculum is that an infinite number of diseases (some of which have 
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yet to be discovered) present as a finite number of clinical presentations (approximately 

120).29 Encoding the new problem is, therefore, a matter of deciding upon the relevant 

clinical presentation(s). The effect of this curricular design on diagnostic success is, as 

yet, unstudied. 

Step 4 in SAT describes the process of 'fitting' retrieved knowledge to the new 

problem. This part of the process can also be enhanced during the learning experience. In 

a series of elegant experiments, Needham and Begg demonstrated that knowledge gained 

in a problem-oriented environment was more easily applied to a new problem than 

knowledge gained in a memory-oriented environment (which was more easily recalled).33 

They also demonstrated the necessity for feedback, either corrective or affirmative, 

during this process. This combination of activation of prior knowledge and feedback is 

referred to by Ericsson and others as 'deliberate practice' and appears to be an essential 

ingr4ient to the development of true expertise. 25 True expertise in medicine relates to 

effective use of diagnostic reasoning strategies. 

In summary, the likelihood of diagnostic success appears to be strongly 

influenced by the diagnostic reasoning strategy used which is, in turn, strongly influenced 

by knowledge structure. Stated in another way, successful spontaneous analogy transfer 

is required for diagnostic success and this is three parts analogy and one part transfer. 

Improving analogy and/or transfer can increase the likelihood of diagnostic success. 

Study Limitations 

These studies were performed using four clinical presentations and the results may, 

therefore, not be generalizable to the other 116 or so presentations. Other groups have 

found that the results from studies in the domains of nephrology may be at odds with 

other domains.46 Possible explanations for this include greater task difficulty, a 

requirement for recall and application of physiological knowledge during diagnostic 

reasoning (by novices and experts), and/or differences in knowledge structure. Whatever 

the true explanation(s), the hypotheses tested here should be tested in other domains 

rather than these results extrapolated to other domains. 
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Future Research 

As is the case with many research projects, the findings of our studies generated more 

heat than light! A number of important research questions arose from this study that we 

intend to address in subsequent studies. These include studying the effects of task 

presentation (e.g., type X question format versus short answer question format) and task 

difficulty on the 'selection' of diagnostic reasoning strategies and diagnostic success. We 

also intend to study the stability over time of knowledge .structure and diagnostic 

reasoning strategy selection. The opportunities for collaboration that have arisen have 

also opened new research avenues. These include studying the relationship between 

knowledge structure, diagnostic reasoning strategies, diagnostic success and perceived 

competence in addition to studies comparing ConSort© to other visuospatial tasks. 
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APPENDIX A: Deep knowledge structure from concept sorting pilot study 

An example of 'deep' knowledge structure on the pencil and paper version of concept 

sorting task for metabolic alkalosis (subject #8). 

"Please group the following causes of metabolic alkalosis. Indicate which diagnoses you wish to group 

together by placing a letter next to the diagnosis, e.g., if you want to group vomiting and malignant 

hypertension then place the letter A next to them." 

D Magnesium depletion 

A Sodium Bicarbonate ingestion 

B Malignant hypertension 

B Renal artery stenosis 

C Qonn's syndrome (mineralocorticoid excess) 

C Cushing's syndrome (glucocorticoid excess) 

D Bartter's syndrome 

A Milk-alkali syndrome 

Vomiting 

C Licorice ingestion 

D Diuretics 

In group A the mechanism of alkalosis is alkali ingestion with reduced GFR. In group B 

the mechanism of alkalosis is increased ECF volume, RAS activation. In group C the 

mechanism of alkalosis is increased ECF volume, mineralocorticoid activity alone. In 

group D the mechanism of alkalosis is reduced ECF volume, renal losses. Vomiting is in 

an unlabelled group where the mechanism of alkalosis is reduced ECF volume, extra-

renal losses. This corresponds to a concept sorting score of 4 (or 5 if vomiting is 

considered the fifth group) and deep knowledge structure. 
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APPENDIX B: Surface knowledge structure from concept sorting pilot study 

An example of 'surface' knowledge structure on the pencil and paper version of concept 

sorting task for metabolic alkalosis (subject #75). 

"P1eae group the following causes of metabolic alkalosis. Indicate which diagnoses you wish to group 

together by placing a letter next to the diagnosis, e.g., if you want to group vomiting and malignant 

hypertension then place the letter A next to them." 

C Magnesium depletion 

D Sodium Bicarbonate ingestion 

A Renal artery stenosis 

C çn's syndrome (mineralocorticoid excess) 

E Cushing's syndr'ome (glucocorticoid excess) 

C Bartter's syndrome 

B Milk-alkali syndrome 

A Malignant hypertension 

B Vomiting 

D Licorice ingestion 

E Diuretics 

In group A the mechanism of alkalosis is increased ECF volume, RAS activation. Group 

B contains one condition where the mechanism is alkali ingestion with reduced GFR and 

another where the mechanism is reduced ECF volume, extra-renal losses. Group C 

contains one condition where the mechanism is increased ECF volume, 

mineralocorticoid activity alone and two where the mechanism is reduced ECF volume, 

renal losses. Group D contains one condition where the mechanism is alkali ingestion 

with reduced GFR and another where the mechanism is increased ECF volume, 

mineralocorticoid activity alone. Group E contains one condition with increased ECF 

volume, mineralocorticoid activity alone and one condition with reduced ECF volume, 

renal losses. This corresponds to a concept sorting score of 1 (for group A) and surface 

knowledge structure. 
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APPENDIX C: Concept-sorting task in metabolic acidosis in ConSort© 

Univer*ity of Calgary Medical Education 

MetaboIic acidosis 
You will be asked to divide the following clinical senerios into common groups and then name those 

groups. There is the opportunity to sub-divide each of the groups upon completion. 

acetazolamide therapy 
acute renal failure 
adrenal insufficiency 
chronic renal failure 
diarrhea 

Anion Gap 

ethylene glycol in, 
methanol ingestlo 
salicytate ingestio 

Drag the cllnidl senerio, to one of the grup boxes fisted below 
Enter label for each group above list 

Non-anion Gap 

type 1 renal tubul 
type 2 renal tubul 
type 4 renal tubuL 
Fancom's syndror 

Add newGrow Complete 



System: Acidosis Student number: #35 Grouping 

normal AG 

High AG 

Renal 

GI 

endogenous 

exogenous 

Direct 

Indirect 

Decreased excretion 

increased production 

alcohols 

mixed 

rapid exc 

I-- high  K 

low K 

A
P
P
E
N
D
I
X
 D: State propositions for subject #3 



System: Acidosis Student number: #35 Underlying Data 

lacetacotamide therapy , adrenal lnsulltciency, diarrhea, 
syndrurne, Heal conduit, type I renal tubular 

'-i--I acidosis, type 2 renal tubular acidosis. type 4 renal 
tubular acidosis. uternsigmoldostomy 

acute renal failure. chronic renal failure, ethylene 
I glycol ingestion, ketoacidusis, lactic acidosis. methanol 

ingestion. saticylate ingestion, toluene ingestion 

acelazelamide therapy, adrenal 
innulllctency. Funconfs syndrome. type 1 
renal tubular acidosis. type 2 renal tubular 

acidosis, type 4 mont tubular acidosis 

diarrhea, Real conduti. 
uteroslgmnidnstnmy 

acute renal failure, chronic renal failure, 
keloacidusis, lacticactdnsis 

ethylene glycol ingestion, reethanot 
ingestion, satcylate Ingestion, toluene 

Ingestion 

acetazolamide therapy. Fancont's 
syndrome, type 2 renal tubular acidosis 

adrenal insufficiency, type 1 renal tubular 
acidosis. type 4 renal tubular acidosis 

acute renal failure, chronic renal failure 

ketnacidosis,iactiu acidosis 

ethylene glycol Ingestion, methanol 
Ingestion 

salicylato Ingestion 

toluene Ingestion 

type 4 renal tabular acidosis, adrenal 
insufficiency 

type 1 renal tabular 

A
P
P
E
N
D
I
X
 E: Categorization of causes of metabolic acidosis b

y
 subject #35 

17 17 14 
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APPENDIX F: Expert framework for scoring state propositions 

State propositions in hyponatremia 

1 non-hypo-osmolar 

2. reduced GFR 

3. reduced urine osmolality (H20 excess, insufficient osmoles) 

4. SIADH 

5. reduced EABV volume 

6. diuretics 

State propositions in hyperkalemia 

1. renal failure 

22. reduced aldosterone activity 
/ 
3. reduced tubular flow 

4. transcellular shift 

State propositions in metabolic acidosis 

1. anion gap, endogenous source 

2. anion gap, exogenous source 

3. non-anion gap, extrarenal loss 

4. non-anion gap, renal loss 

State propositions in metabolic alkalosis 

1. reduced ECF volume, renal losses 

2. reduced ECF volume, extra-renal losses 

3. Increased ECF volume, elevated renin and aldosterone 

4. Increased ECF volume, suppressed renin elevated aldosterone 

5. Increased ECF volume, suppressed renin and aldosterone 

6. Alkali ingestion with reduced GFR 
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APPENDIX G: Problem solving question in hyponatremia used in study A 

For the patient with an abnormal serum sodium concentration select the SINGLE most 
likely diagnosis from the choices A - H. 

A. Artifactual (hyperglycemia) 
B. Artifactual (hyperlipidemia) 
C. Decreased intake of osmotically active particles 
D. Diuretic-induced 
E. Reduced GFR (glomerular filtration rate) 
F. Gastrointestinal loss 
G. Primary polydipsia 
H. SIADH (syndrome of inappropriate antidiuretic hormone) 

A 27-year-old female is seen in your office with a four months history of polyuria, 
nocturia and increasing thirst. She denies weight loss or other gastrointestinal symptoms. 
Blood pressure is 118/66 mmHg. Pulse is 72 beats per minute supine and 78 beats per 
minute erect. The results of serum and urine tests are shown below: 

tab values: 
Serum Na+ 
Serum K 
Serum Cl 
Serum HCO3 
Blood Urea 
Serum Creat 
Plasma Glucose 

124 mmol/L 
3.8 mmol/L 
92 mmol/L 
20 mmol/L 
2.1 mmol/L 
76 mmol/L 
3.2 mmol/L 

Serum osmolality 264 mosmlL 

Urine Na 
Urine osmolality 

21 mmol/L 
80 mosm/L 
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APPENDIX H: Problem solving question in hyperkalemia used in study A 

For patient with an abnormal serum potassium concentration select the SINGLE most 
likely diagnosis from the choices A - G. 

A. lack of insulin activity 
B. reduced aldosterone activity 
C. primary hyperaldosteronism 
D. intracellular H+ buffering (non-anion gap acidosis) 
E. cell lysis (redistribution of potassium) 
F. reduced activity of Na+/K+ ATPase 
G. increased K+ intake 

A 62-year-old female was admitted 12 days previously for management of a diabetic foot 
ulcer. Her serum creatinine at that time was 84 jimol/L and serum potassium 4.6 mmol/L. 
She was started on clindamycin (an antibiotic) to treat the infection in her foot. Five days 
ago she developed diarrhea and has had at least seven episodes per day for the past three 
days/ Her medications have been unchanged since admission (Enalapril 5 mg bid and 
g1y1uride 5 mg daily). On examination her pulse is 84 beats per minute supine rising to 
118 beats per minute erect. Supine blood pressure is 108/66 mmHg. The results of blood 
and urine tests are shown below: 

Lab values: 
Serum Na (mmol/L) 130 
Serum K (mmol/L) 5.8 
Serum HCO3 (mmol/L) 12 
Serum Cl (mmol/L) 106 
Blood Urea (mmol/L) 9.2 
Serum Creatinine (jirnol/L) 112 
Plasma Glucose (mmol/L) 9.2 
Serum Osm (mmol/L) 282 
Urine Osm (mmol/L) 330 
Urine K+ (mmol/L) 68 
Urine Cl- (mmol/L) <10 
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APPENDIX I: Problem solving question in metabolic acidosis used in study A 

For the patient with an abnormal serum hydrogen/bicarbonate concentration select the 
SINGLE most likely diagnosis from the choices A - M. 

A. alcoholic ketoacidosis 
B. primary aldosterone excess 
C. chronic renal failure 
D. diabetic ketoacidosis 
E. methanol ingestion 
F. mixed anion gap acidosis and non-anion gap acidosis 
G. mixed anion gap acidosis and metabolic alkalosis 
H. lactic acidosis 
I. salicylate ingestion 
J. renal tubular acidosis 
K. vomiting 
L. metabolic acidosis and respiratory acidosis 
M. metabolic acidosis and respiratory alkalosis 

A 76-year-old male is seen in the Emergency Room with increasing confusion, 
breathlessness and diarrhea for the past four days. The symptoms began the day after he 
returned from a week-long vacation to Florida. He has mild COPD but no other health 
problems. Supine pulse is 104 beats per minute rising to 138 beats per minute on 
standing. Supine blood pressure is 104/68 mmHg. The results of blood tests are shown 
below: 

Lab values: 
Serum Na 
Serum K 
Serum HCO3 
Serum Cl 
Serum creatinine 
Serum albumin 
Plasma Glucose 

138 mmol/L 
4.8 mmol/L 
9 mmol/L 
115 mmol/L 
145 prnol/L 
44 g/L 
5.0 mmol/L 

Arterial Pco2 40mmHg 
Arterial pH 6.96 
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APPENDIX J: Problem solving question in metabolic alkalosis used in study A 

For the patient with an abnormal serum hydrogen/bicarbonate concentration select the 
SINGLE most likely diagnosis from the choices A - K. 

A. metabolic acidosis and respiratory acidosis 
B. metabolic acidosis and respiratory alkalosis 
C. metabolic alkalosis and respiratory acidosis 
D. metabolic alkalosis and respiratory alkalosis 
E. mineralocorticoid excess 
F. chronic renal failure 
G. renal tubular acidosis 
H. recent vomiting 
I. remote vomiting 
J. recent diuretics 
K. remote diuretics 

A '2-year-old male comes brought to the Emergency Room. Over the previous six 
months he has lost 10 kg in weight. He complains of polyuria and weakness for four 
weeks. He is now unable to walk unaided. He denies any other symptoms. Supine pulse is 
78 beats per minute rising to 110 beats per minute on standing. Supine blood pressure is 
92/58 mmHg. The results of blood and urine tests are shown below: 

Lab values: 
SemmNa 137 mmol/L 
Serum  2.2 mmol/L 
Serum C1 92 mmol/L 
Serum HCO3 32 mmol/L 
Serum creatinine 100..tmol/L 
Urine pH 7.5 
Urine Na+ 40 mmol/L 
Urine K+ 30 mmol/L 
Urine Cl- <10 mmol/L 
Urine Osm l75mosmlL 

Arterial pH 7.42 
Arterial Pc02 51 mmHg 
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APPENDIX K: Process propositions for 'think aloud' 

Clinical Presentation Process Propositions 

Hyponatremia 1. hypo-osmolar vs. hyper-osmolar/iso-osmolar 
2. .I4GFR vs. normal or slightly SGFR 
3. l'urine osmolality vs. .Lurine osmolality 
4. polyuria & thirst vs. no polyuria & thirst* 

Irrelevant propositions for this case 
5. 1-EABV vs. normal or 1'EABV 
6. Diuretic use vs. no diuretic use 

Hyperkalemia 1. 44GFR vs. normal or slightly .1GFR 
2. tTrKG vs. 4TFKG 
3. adequate distal flow vs. reduced distal flow 
4. Shift vs. no shift 
5. Intracellular buffering vs. solvent drag or pump/exchanger 

problem* 

Irrelevant propositions for this case 
6. tintake + 4'excretion vs. no 1'intake + 4excretion 

Metabolic Acidosis 1. Acidemia vs. alkalemia/normal pH* 
2. Metabolic vs. respiratory acidosis* 
3. Anion gap vs. non-anion gap 
4. Renal vs. extrarenal loss of HCO3-
5. Adequate vs. inadequate respiratory compensation* 

Irrelevant propositions for this case 
Endogenous vs. exogenous acid 

Metabolic Alkalosis 1. Normal pH vs. acidemialalkalemia* 
2. Metabolic vs, respiratory alkalosis * 
3. Ingestion with 4GFR vs. no ingestion 
4. 'I'EABV vs. normal or 1'EABV 
5. Renal vs. extrarenal loss 
6. Anion gap vs. non-anion gap* 
7. Adequate vs. inadequate respiratory compensation* 

Irrelevant propositions for this case 
8. l'renin 1'aldo vs. I'renin 1'aldo or .Irenin 1'aldo 

* These process propositions do not have a corresponding state proposition in concept sorting 



95 

APPENDIX L: Production rules for 'think aloud' 

Antecedent (if) Consequent (then) 
Presentation 
Hyponatremia 1. Hypo-osmolar hyponatremia 1. 

2. Normal creatinine 2. 
3. Hypo-osmolar urine 3. 
4. Thirst and polyuria* 4 

Hyperkalemia 1. Creatinine not significantly 1' 1. 
2. ITKG appropriately 1' 2. 

Metabolic 
Acidosis 

Metabolic 
Alkalosis 

3. Serum osmolality not 1' 
4. NAG acidosis 

1. 4.pH* 
2. co3 

3. Normal anion gap 
4. Diarrhea 
5. pCO2 inappropriately 1'* 
6. COPD* 

1. Normal pH* 
2. 1' HCO3* 
3. Postural changes in pulse 
4. 1 urine C1 
5. Alkaline urine 
6. Normal anion gap* 
7. pCO2 inappropriately 1'* 
8. Muscle weakness* 

3. 
4. 

Too much free H20 
Intact ability to filter H20 
4ADH 
Primary polydipsia 

Intact ability to filter K 
Intact CCD W excretion 
Transcellular shift 
Not solvent drag 
Intracellular H buffering 

1. Acidemia 
2. 1° metabolic acidosis 
3. Non-anion gap acidosis 
4. GI loss of HCO3 
5. 1° respiratory acidosis 
6. L respiratory response to metabolic acidosis 

1. 
2. 
3. 
4. 
5. 
6. 
7. 
8. 

No acid base disorder or mixed disorder 
10 metabolic alkalosis 
.L. EABV maintaining alkalosis 
Extrarenal loss of C1 
Recent vomiting as source of Cl loss 
No metabolic acidosis 
10 respiratory acidosis 
10 respiratory acidosis due to muscle weakness 

* These production rules do not have a corresponding state proposition in concept sorting 
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APPENDIX M: Transcript for subject #2 on hyponatremia 

Okay, should I just start on this one? Airight. . . .27 year old female with 4 month history 

of polyuria, nocturia and increasing thirst.. . denies weight loss.. . .blood pressure is pretty 

normal, pulse is pretty normal. . .results of serum & urine tests are shown. Serum sodium 

 I don't actually have the normal range but I presume that's low... .serum 

potassium OK, chloride OK, the bicarbonate is a bit low, I'm not sure about 

urea. . . .creatinine is fine. . . .okay, serum osmolality.....okay, so let me see here, it looks 

like. . . .ah, so I'm looking at this here, looking at the serum sodium and it looks like its 

low, then you have to see, okay, so is she hyponatremic. . . .now you look at the GFR then 

if you rule out a low GFR then possibly let me guess the GFR is fine. - then . .then after that 

look and see if the serum osmolarity is less than 275. . . and it is, then it looks like she is 

hypoñatremic, urn. . . .then from there you look to see if she is ADH suppressed or 

elevated, urn, the urine osmolarity is 80, 50 I'm trying to think. . .ADH.. .would that be 

suppressed or elevated? Most definitely, I would think that would be. . . .(long 

pause).. .I'rn not sure even what.. .obviously compared to serum osmolarity, so urn, I 

think that she does have a lot of water in her urine, so ADH would be suppressed, 

urn. . . Okay, so that rules out SIADH ... wait a minute, I think I am going backwards here. 

Where am I ....it's not A, B (long pause) primary polydipsia is the closest thing to going 

together, I know it's not H for sure.. .maybe H ... no...C, D, I believe.....ADH is 

suppressed, why would it be suppressed? So I actually need to narrow it down to an 

answer.. .okay.. . .well. . ..(long pause).. .I'm just going to take a guess, I would guess it 

wouldn't be primary polydipsia. . . .okay I am going to say, "D" diuretic induced, I'm not 

really sure why, and if it's the wrong answer that's probably why I'm not sure. 
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APPENDIX N: Canonical frame for hyponatremia 

(arrows represent 'may cause' links) 

Thirst — * Primary polydipsia —4 Excess total body —4 Hypo-osmolar 
Free water hyponatremia 

r4, 
Polyuria, 4— Hypotonic urine 4  
nocturia 

Maximal renal 4  ADH 
excretion of suppression 
free water 
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APPENDIX 0: Canonical frame for hyperkalemia 

(arrows represent 'may cause' links) 

Antibiotics —p. Diarrhea - Loss of HCO3- --jo. Non-anion gap — p.. Intracellular 
from GI tract metabolic acidosis H+ buffering 

Volume Transcellular 
depletion shift of K+ 

1' 
Increased Hyperkalemia 
renin & angiotensin II 

Increased aldosterone 

Increased TTKG 
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APPENDIX P: Canonical frame for metabolic acidosis 

(arrows represent 'may cause' links) 

Legionella Diarrhea 01 Loss of HCO3- 10  Primary non-anion gap 
pneumonia from GI tract metabolic acidosis 

VQ mismatch Reduced ability to * CO2 retention 00 Primary respiratory 
exhale CO2 acidosis 

COPD 
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APPENDIX Q: Canonical frame for metabolic alkalosis 

(arrows represent 'may cause' links) 

Recent jo Increased HCO3- jo Increased renal jo Increased urine pH 
vomiting in ECF excretion of HCO3-

Cl- loss Increased renal 
in vomitus— excretion of Na+ 

Increased renin Volume 
& angiotensin II depletion 

Increased 
Aldosterone 

Movement of 
K+ from ICF to ECF 

+ 
Increased activity 4—  Movement of H+ 
Of NHE3 in PCT into ICF 

1 
Increased HCO3-
reabsorption in PCT 

Primary metabolic alkalosis More negative 
RMP 

Weakness 

r4, 

Respiratory muscle Difficulty Polyuria 
weakness walking 

"V 
Reduced ability to 
exhale CO2 

Increased negative 
charge in CCD 

Increáed TTKG 

Hypokalemia 

4. 
Primary respiratory acidosis 

Reduced aquaporin-2 
channels in MCD 

4. 
Nephrogenic DI 



StudcnttD A3 A4 A5 A6 A7 Ag All Al2 A13 A14 A15 31 32 83 34 35 86 89 810 811 B12 B13 B14 B15 Total TotVariance 

990489 0.00 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 O.0& 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 11.00 

973140 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 ON 1.00 0.00 1.00 0.00 1.00 0.00 1.00 13.00 

253074 1.00 0.00 0.00 1.00 1.00 0.00 o.00 o.00 O.W 0.00 1.00 0.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 14.00 

253006 1.00 1.00 0.00 1.00 1.00 0.00 1.00 0.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 1.00 14.00 

10188 1.00 0.00 0.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 15.00 

253034 1.00 1.00 0.00 1.00 0.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 0.00 0.00 15.00 

222878 0.00 0.00 0.00 1.00 0.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 16.00 

252989 1.00 0.00 0.00 1.00 1.00 0.00 0.00 0.001 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 16.00 

257013 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 16.00 

906060 1.00 0.00 1.00 0.00 1.00 0.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 0.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 17.00 

959778 1.00 0.00 0.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 17.00 

224706 1.00 1.00 0.00 0.00 1.00 0.00 0.00k 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 17.00 

253069 1.00 1.00 0.00 1.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 17.00 

98971 1.00 0.00 1.00 1.00 1.00 1.00 0.00 1.00 100 1.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 18.00 

10194 1.00 0.00 1.00 1.00 1.00 0.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 18.00 

253000 0.00 1.00 0.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 100 1.00 0.00 1.00 1.00 1.00 1.00 1.00 18.00 

253052 1.00 1.00 0.00 0.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 19.00 

252996 1.00 0.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 19.00 

10187 0.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 100 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 19.00 

10186 1.06 0.00 0.00 1.00 1.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 19.00 

254004 1.00 0.00 0.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 19.00 

253002 1.00 0.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 100 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 0.00 19.00 

991140 1.00 0.06 0.00 0.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.06 1.00 1.00 1.00 1.00 1.00 1.00 In 1.00 1.00 1.00 19.00 

253051 1.00 0.00 1.00 1.00 1.00 0.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 i.0O 1.00 1.00 1.00 1.00 1.00 1.00 19.00 

976360 1.00 1.00 0.00 1.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 19.00 

989701 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 19.00 

947760 l.0( 0.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 20.00 

239214 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 21.00 

253054 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 21.00 

252997 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 22.00 

Total 24.00 10.00 9.00 26.00 27.00 16.00 12.00 13.00 21.00 22.00 24.00 28.00 30.00 27.00 30.00 23.00 12.00 24.00 19.00 30.00 23.00 28.00 22.00 26.00 526.00 43.47 

Phigh 0.90 0.30 0.60 0.90 1.00 0.60 0.80 0.70 0.80 0.80 0.90 1.00 1.00 0.90 1.00 0.80 0.50 0.90 0.70 1.00 1.00 1.00 0.90 0.80 19.80 

Plow 0.70 0.20 0.10 0.90 0.80 0.40 0.20 0.20 0.40 0.50 0.70 0.80 1.00 0.80 1.00 0.80 0.30 0.70 0.70 1.00 0.40 0.80 050 0.80 14.70 

Dfflndex 0.80 0.25035 0.90 0.90 0.50 0.50 0.45 0.60 0.65 0.80 0.90 1.00 0.85 1.00 0.80 OAD 0.80 0.70 1.00 0.70 0.90 0.70 0.80 1725 

Disclndex 0.20 0.10050 0.00 0.20 0.20 0.60 0.50 OAO 0.30 0.20 0.20 0.00 0.10 0.00 0.00 0.20 0.20 0.00 0.00 0.60 0.20 0.40 0.00 5.10 

p 0.80 0.33 0.30 0.87 0.90 0.53 0.40 0.43 0.70 0.73 0.80 0.93 1.00 0.90 1.00 0.77 0.40 0.80 0.63 1.00 0.77 0.93 0.73 0.87 

q 0.20 0.67 0.70 0.13 0.10 0.47 0.60 0.57 0.30 027 0.20 0.07 0.00 0.10 0.00 0.23 0.60 0.20 0.37 0.00 0.23 0.07 0.27 0.13 

pq 0.16 0.22021 0.12 0.09 0.25 0.24 0.25 0.21 0.20 0.16 0.06 0.00 0.09 0.00 0.18 0.24 0.16 0.23 0.00 0.18 0.06 0.20 0.12 3.61 

Alpha 0.96 

A
P
P
E
N
D
I
X
 R: Item analysis for examination questions used in study B
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APPENDIX S: Questionnaire on the use of schemes 

1. For each clinical presentation indicate which ONE of the following statements about 
YOUR USE OF SCHEMES DURING LEARNING you agree most with: 

Clinical 
Presentation 

I use this lam not aware of a 
scheme to scheme for this 
learn presentation 

I don't understand I don 'tfind this 
this scheme scheme helpful 

Hyponatremia 
Hyperkalemia 
Metabolic acidosis 
Metabolic alkalosis 

o 0 0 0 

o 0 0 0 

o 0 0 0 

o 0 0 0 

2. For each clinical presentation indicate which of the following statements about THE 
USE OF SCHEMES BY YOUR TUTOR/LECTURER you agree most with. 
Please answer for BOTH lectures and small groups: 

Clinical 
Presentation 

Hypohatremia 
Hyprka1emia 
Metabolic acidosis 
Metabolic alkalosis 

Scheme was Scheme was NOT Scheme was Scheme was NOT 
used during used during lecture used in small used in small 
lecture groups groups  

0 0 0 0 

o 0 0 0 

O 0 0 0 

o 0 0 0 

Please rate your degree of agreement or disagreement with the following statements: 

3. I find clinical schemes useful for organizing information when learning 
Strongly Agree Neither agree Disagree Strongly 
agree nor disagree disagree 

1 2 3 4 5 

4. I find clinical schemes a waste of time 
Strongly Agree Neither agree Disagree Strongly 
agree nor disagree disagree 

1 2 3 4 5 

5. I design my own clinical schemes when learning 
Strongly Agree Neither agree Disagree Strongly 
agree nor disagree disagree 

1 2 3 4 5 
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Please indicate your training/education prior to starting medical school 

Science undergraduate degree 

Non-science undergraduate degree 

MSc 

0 

0 

PhD 0 

Would you consent to us [anonymously] obtaining your MCAT score from the U of C? 

Yes 0 No 0 

Would you consent to us [anonymously] obtaining your GPA score from the U of C? 

Yes 0 No 0 

On average, how many hours per night did you study during the Renal course?   

Please indicate your age   

Please indicate your sex 

Female 0 Male 0 

And finally, please indicate your student ID number 

Student # 

Thank you for taking the time to complete this questionnaire. 
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APPENDIX T: Reliability of ConSort© and diagnostic reasoning strategy 

Inter-rater reliability of ConSort©: 

kap kl hi 

Expected 

Agreement Agreement Kappa Std. Err. Z Prob>Z 

90.48% 52.83% 0.7981 0.1543 5.17 0.0000 

kap k2 h2 

Expected 

Agreement Agreement Kappa Std. Err. Z Prob>Z 

90.48% 52.83% 0.7981 0.1543 

Intra-rater reliability of ConSort©: 

kap ki k2 

Expected 
Agreement Agreement Kappa Std. Err. Z Prob>Z 

5.17 0.0000 

100.,00% 52.83% 1.0000 0.1543 

kap hi h2 
Expected 

Agreement Agreement Kappa Std. Err. 

6.48 0.0000 

Z Prob>Z 

100.00% 52.83% 1.0000 0.1543 6.48 0.0000 

ki = KM Is' attempt, k2 = KM 2nd attempt, hi = HM attempt, h2 = HM 2nd attempt 

Inter-rater reliability of determining diagnostic reasoning strategy: 

kap rateril rater2l 
Expected 

Agreement Agreement Kappa Std. Err. Z Prob>Z 

90.00% 41.69% 0.8285 0.1263 6.56 0.0000 

Intra-rater reliability of determining diagnostic reasoning strategy: 

kap raterli rateri2 
Expected 

Agreement Agreement Kappa Std. Err. Z Prob>Z 

95.00% 41.69% 0.9143 0.1263 7.24 0.0000 

rateril = KM l attempt, rater12 = KM 2's" attempt, rater21= HM Is' attempt 
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APPENDIX U: Knowledge structure for staff, fellows and novices 

Comparison of knowledge structure type between staff and fellows 

tab deep novexp, col exact 

I NovExp 

deep I 0 1 I Total 
 + +  

o 1 1 12 I 13 

I 5.00 21.43 I 17.11 
 + +  

iI• 19 44! 63 
I 95.00 78.57 I 82.89 

 + +  

Total I 20 56 I 76 

I 100.00 100.00 I 100.00 

Fisher's exact 
1-sided Fisher's exact 

0.164 
0.085 

Deep = 0 ifsurface knowledge structure, 1 if deep knowledge structure 

Nov,Exp = 0 iffellow, 1 ifstaff 

Comparison of knowledge structure type between fellows and novices 

tab deep riovexp, col exact 

NovExp 
deep I 0 1 I Total 
 + +  

0 I 23 1 I 24 
I 44.23 5.00 I 33.33 

 + +  

1 I 29 19 I 48 
I 55.77 95.00 I 66.67 

 + +  

Total I 52 20 I 72 
I 100.00 100.00 I 100.00 

Fisher's exact = 

1-sided Fisher's exact = 

0.002 
0.001 

Deep = 0 ifsurface knowledge structure, 1 ifdeep knowledge structure 

NovExp = 0 if novice, 1 iffellow 
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APPENDIX V: Post-hoc analysis considering only analytical strategies 

Here 0= HDR, 1 = SIR 

tab analstr 

analstr I Freq. Percent Cum. 
 +  

0 I 44 40.00 40.00 
1 I 66 60.00 100.00 

 +  

Total I 110 100.00 

tab analstk deep, col exact 

I deep 
analstr I 0 1 I Total 

 + +  

0 I 14 30 I 44 
I 45.16 37.97 I 40.00 

 + +  

1 I 17 49 66 

I 54.84 62.03 I 60.00 
 + •  

Total I 31 79 I 110 
I 100.00 100.00 I 100.00 

I Fisher's exact = 0.522 
V-sided Fisher's exact = 0.316 

tab analstr novexp, col exact 

I NovExp 
analstr 0 1 I Total 

 + +  

0 I 21 23 I 44 
I 47.73 34.85 I 40.00 

 + +  

1 I 23 43 I 66 
I 52.27 65.15 I 60.00 

Total 1 44 66 I 110 
I 100.00 100.00 I 100.00 

Fisher's exact = 
1-sided Fisher's exact = 

logit analstr k deep 

Iteration 0: log likelihood = -74.031283 
Iteration 1: log likelihood = -68.453453 
Iteration 2: log likelihood = -68.446213 
Iteration 3: log likelihood = -68.446213 
Logit estimates 

Log likelihood = -68.446213 

0.233 
0.125 

Number of obs = 110 

LR chi2(2) = 11.17 
Prob > chi2 = 0.0038 
Pseudo P2 = 0.0754 

analstr I Coef. Std. Err. z P>Iz (95% Conf. Interval) 
 +  

k I -1.499031 .4747086 -3.16 0.002 -2.429443 -.5686194 
deep I .3724987 .4516775 0.82 0.410 -.512773 1.25777 

_cons I .5252668 .3896676 1.35 0.178 -.2384675 1.289001 

irtest, using(3) 
Logit: likelihood-ratio test chi2(1) = 3.79 

Prob > chi2 = 0.0517 



107 

APPENDIX W: Effect of novice/expert status on success if using NAS 

logistic diagsucc nonanal if novexp ==1 

Logit estimates 

Log likelihood = -27.626816 

Number of obs = 76 
LR chi2(l) = 0.04 
Prob > chi2 = 0.8435 
Pseudo R2 = 0.0007 

diagsucc I Odds Ratio Std. Err. z P>IzI [95% Conf. Interval] 
 +  

nonanal I 1.241379 1.389764 0.19 0.847 .1383429 11.13915 

logistic diagsucc nonanal if novexp ==0 

Logit estimates 

Log likelihood = -29.241428 

Number of obs 52 
LR chi2(1) = 7.24 
Prob > chi2 0.0071 
Pseudo R2 0.1102 

diagsucc I Odds Ratio Std. Err. z P>IzI (95% Conf. Interval] 
+  

bnanal I .1111111 .098625 -2.48 0.013 .0195079 .6328565 
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APPENDIX X: Sensitivity and specificity of model predicting diagnostic success in 

novices and experts 

The sensitivity and specificity of our model with outcome variable diagnostic success and 

exposure variables: nonanalytical strategies; SIR; novice/experts status; hyperkalemia; 

and the novice/expert*NAS interaction. Probability cut-off set at 0.797. 

lstat, cutoff (0.797) 

Logistic model for diagsucc 

  True   
Classified I D I Total 
 + +  

+ I 83 41 87 
- I 19 221 41 

 + +  

Total I 102 26 I 128 

Classified + if predicted Pr(D) >= .797 
True D defined as diagsucc - 0 

Sensitivity Pr( +1 D) 81.37% 
Specificity Pr( -I--D) 84.62% 
Positive predictive value Pr( DI +) 95.40% 
Negative predictive value Pr(-DI -) 53.66% 

False + rate for true -D Pr( +I-D) 15.38% 
False - rate for true D Pr( -I D) 18.63% 
False + rate for classified + Pr(-DI +) 4.60% 
False - rate for classified - Pr( DI -) 46.34% 

Correctly classified 82.03% 
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APPENDIX Y: Effect of expertise on success with reasoning strategies 

cc diagsucc hdr, by (novexp) exact 

NovExp I OR (95% Conf. Interval] H-H Weight 
 +  

novice I .3208333 .0810394 1.244575 4.615385 (exact) 
expert I .0896359 .0086244 .5532046 4.697368 (exact) 
 +  

Crude 1 .1905882 .0672461 .5217653 (exact) 
H-H combined I .2042169 .0788697 .5287779 

Test of homogeneity (H-H) chi2(1) = 1.48 Pr>chi2 = 0.2240 

Test that combined OR = 1: 

Mantel-Haenszel chi2(1) = 

Pr>chi2 = 

cc diagsucc sir, by (novexp) exact 

12.19 
0.0005 

NovExp I OR (95% Conf. Interval] H-H Weight 
 +  

novice 1 27.07692 3.252171 1185.409 .25 (exact) 

expert I 13.44 1.592465 610.0769 .3289474 (exact) 
 +  

Crude I 20.21053 4.503805 182.0801 (exact) 
H-H combined I 19.32867 4.301171 86.85949 

Test of homogeneity (H-H) chi2(1) 0.21 Pr>chi2 = 0.6492 

Test that combined OR = 1: 

Mantel-Haenszel chi2(1) 
Pr>chi2 = 

cc diagsucc nonanal, by (novexp) exact 

23.20 
0.0000 

NovExp I OR [95% Conf. Interval] H-H Weight 
 +  

novice I .1111111 .0101373 .7729924 3.807692 (exact) 

expert I 1.241379 .1348753 61.11531 .7631579 (exact) 
 +  

Crude I .3281005 .1011486 1.145013 (exact) 
H-H combined I .2998229 .0954984 .9413113 

Test of homogeneity (H-H) chi2(1) = 2.86 Pr>chi2 = 0.0907 

Test that combined OR = 1: 

Mantel-Haenszel chi2(1) = 

Pr>chi2 = 

4.20 
0.0404 
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APPENDIX Z: Diagnostic success for staff, fellows and novices 

Comparison of diagnostic success between staff and fellows 

tab diagsucc novexp,co1 exact 

I NovExp 
DiagSucc I 0 1 I Total 
 + 4 -

CI 1 81 9 
I 5.00 14.29 I 11.84 
+ 4  

1 I 19 48 I 67 
95.00 85.71 I 88.16 

 + 4.  

Total I 20 56 I 76 

I 100.00 100.00 I 100.00 

Fisher's exact = 0.431 
1-sided Fisher's exact = 0.253 

DiagSucc= 0 iffailure, 1 ifsuccess 

NovExp = 0 ?Tfellow, 1 ifstaff 

Comparison of diagnostic success between fellows and novices 

tab diagsucc novexp,col exact 

I NovExp 
DiagSucc I 0 1 I Total 
 + +  

0 I 17 1 I 18 
I 32.69 5.00 I 25.00 

 + +  

11 35 191 54 
I 67.31 95.00 I 75.00 

 + +  

Total I 52 20 I 72 

I 100.00 100.00 I 100.00 

Fisher's exact = 0.016 
1-sided Fisher's exact = 0.012 

DiagSucc= 0 iffailure, 1 ifsuccess 

NovExp = 0 if novice, 1 iffellow 
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APPENDIX AA: Effect of knowledge structure on diagnostic success stratified by 

use of schemes by small group preceptors 

cc diagsucc deep, by (schsg) 

SchSG I OR [95% Conf. Interval] M-H Weight 
 +  

no schemes I 1.940646 1.175712 3.216675 12.31579 (exact) 

schemes I 1.291023 .6640702 2.498318 8.854701 (exact) 
 +  

Crude 
M-H combined I 

1.507902 
1.668937 

1.067375 
1.147772 

2.133523 
2.426746 

Test of homogeneity (M-H) chi2(1) = 1.06 Pr>chi2 = 0.3041 

(exact) 

Test that combined OR = 1: 
Mantel-Haenszel chi2(1) = 7.22 

Pr>ch12 = 0.0072 
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APPENDIX AB: Sensitivity and specificity of model predicting diagnostic success in 

novices 

The sensitivity, specificity, positive and negative predictive values of our model with 

outcome variable diagnostic success and exposure variables, deep knowledge structure, 

scheme use by preceptors, and hyperkalemia. Probability cutoff set at 0.731. 

istat, cutoff (0.731) 

Logistic model for diagsucc 

  True   
Classified I D I Total 
 + +  

+ I 256 61 I 317 
- I 167 92 259 

 + +  

Total I 423 153 I 576 

Classified + if predicted Pr(D) > .731 
True D defined as diagsucc 

/ Sensitivity 
1,• Specificity 

Positive predictive value 

Negative predictive value 

Pr( +1 D) 
?r( -HD) 
Pr( DI +) 
Pr(-DI -) 

60.52% 
60.13% 
80.76% 
35.52% 

False + rate for true D Pr( +I-D) 39.87% 
False - rate for true D Pr( -I D) 39.48% 
False + rate for classified + Pr(-DI +) 19.24% 
False - rate for classified - Pr( DI -) 64.48% 

Correctly classified 60.42% 



113 

APPENDIX AC: Sample size calculations for studies identifying variables 

influencing the choice of diagnostic reasoning strategies 

For a study examining the effect of deep knowledge structure on the choice of HDR: 

sampsi 0.33 0.39, power(0.8) 

Estimated sample size for two-sample comparison of proportions 

Test Ho: p1 = p2, where p1 is the proportion in population 1 

and p2 is the proportion in population 2 

Assumptions: 

alpha = 0.0500 (two-sided) 

power = 0.8000 

p1 = 0.3300 

p2 = 0.3900 

n2/nl = 1.00 

Estmated required sample sizes: 

ni = 1037 

n2 = 1037 

For a study examining the effect of expertise on the choice of HDR: 

saxnpsi 0.30 0.40, power(O.8) 

Estimated sample size for two-sample comparison of proportions 

Test Ho: p1 = p2, where p1 is the proportion in population 1 

and p2 is the proportion in population 2 

Assumptions: 

alpha = 

power = 

p1 = 

p2 = 

n2/n1 = 

0.0500 (two-sided) 

0.8000 

0.3000 

0.4000 

1.00 

Estimated required sample sizes: 

nl= 376 

n2= 376 
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APPENDIX AD: Choice of diagnostic reasoning strategy 

New problem 

Strong similarity between this and previously seen case(s)'? 

Yes 

Pattern recognition 

Yes 

I Yes  

Confidence in this diagnosis? 

Single diagnosis? 

Confidence in this diagnosis? 

Stop diagnostic reasoning 

 V 
Hypothetico-deductive reasoning 

Yes 

Yes 

Stop diagnostic reasoning 

No 

Scheme inductive reasoning 

Only a few diagnostic possibilities?* 

Structured approach to prob jr  lems in this domain? 

Single diagnosis? 

Yes 

Confident in this diagnosis? 

Stop diagnostic reasoning 
Yes 

* If there are no diagnostic possibilities or hypotheses generated then guessing or admitting defeat is the 

only strategy available. 


