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Abstract 

We hypothesize that the functionality of electronic health records could be improved with the addition of formal 
representations of clinicians’ cognitive processes, including such things as the interpretation and synthesis of 
patient findings and the rational for diagnostic and therapeutic decisions.  We carried out a four-phase analysis of 
clinical case studies to characterize how such processes are represented through relationships between clinical 
terms.  The result is an terminology of 26 relationships that were validated against published clinical cases with 
85.4% interrater reliability.  We believe that capturing patient-specific information with these relationships can lead 
to improvements in clinical decision support systems, information retrieval and learning health systems. 

Introduction 

It seems that no day goes by without publication of a complaint about electronic health records (EHRs) in the 
scientific and other professional literature. Practitioners and informaticians call repeatedly for improved access to 
patient information, reduced requirements for data entry by clinicians, and relief from information overload and 
needless alerts. A recent Viewpoint in the Journal of the American Medical Association captures much of this 
sentiment [1] and a popular book written by a recent AMIA Symposium keynote speaker provides extensive detail 
with illustrative anecdotes on where the EHR falls short.[2] 

While acknowledging that EHRs do some things well (e.g., billing, privacy, availability, legibility, and coordination 
with ancillary departments), current complaints generally center on poor user interface design, lack of 
interoperability, and overzealous alerts and reminders. The American Medical Association has called for redesign of 
EHRs[3],  while Rudin et al. have recently called for acceleration in innovation in EHR development and outlined 
the necessary mechanisms for doing so.[4] However, improved programming alone may be insufficient to overcome 
the current shortcomings.  

Consider, for example, automated alerts related to computer-based prescriber order entry. A recent study by Bryant 
and colleagues showed that alerts are overridden 93% of the time.[5]  When a reason for override is given, it is often 
based on something the clinician knew that was not considered by the alert logic, either because the alert authors did 
not consider it, its representation in the EHR was not usable by the alert, or it was missing entirely.[6,7] 

We hypothesize that what is missing is a clear representation of the clinical reasoning (by clinicians and patients) 
regarding the interpretation of information, as well as the application of that information and medical knowledge to 
decision-making processes. For example, if the EHR contains information about why a medication has been 
discontinued (cure, intolerance, noncompliance, insurance coverage, etc.), decision support logic would be better 
able to make appropriate recommendations about alternative therapy (or remain silent, if the reason is “cure”). In 
addition, the user interface would be better able to retrieve data from the patient’s record relevant to selection and 
course of the medication’s use, while the reuse of these data for research purposes would be better able to inform a 
“learning healthcare system”.[8] 

It is generally the case that EHR functions such as billing, data display, decision support, and infobuttons, to name a 
few, are more successful when they can make use of structured data represented with a controlled vocabulary (i.e., 
coded data), rather than relying on medical language processing. If we want a decision support system to take into 
account our clinical reasoning, for example to decide whether to alert us about a potentially inappropriate repeat 
chest x-ray or to retrieve information from the patient’s record relevant to a particular problem, it will be better able 
to do so if it has some knowledge about the reasoning behind our requests. It follows that a controlled vocabulary for 
representing this information will be needed. 

Any clinician can easily provide a list of some of the kinds of information that can be used to describe his or her 
clinical reasoning: “I think this physical finding explains this symptom”, “my differential diagnosis for this finding 
includes these diseases”, “I am going to order this test to verify my hypotheses about a potential diagnosis”, “I am 
going to use this medication to treat this disease”, and so on. It strikes us that much of this information is in the form 
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of relationships between familiar classes of medical concepts, such as symptoms, findings, tests, diseases, 
medications, and procedures. Terminologies such as SNOMED-CT, LOINC, and RxNorm provide good coverage of 
the medical concepts, but the relations they provide (a list of symptoms or treatments of a disease, for example) is 
different than the assertions about a particular situation for a particular patient (that a patient’s symptom was 
ascribed to a particular disease or that a particular treatment was chosen to treat that particular disease).  

To the best of our knowledge, there is no terminology that covers such relations. We therefore undertook an initial 
empirical study to begin to identify the concepts and terms involved in clinical cognition and reasoning with the 
intent of developing an terminology to support richer EHR functionality. This paper describes our initial experience. 

Methods 

In developing our approach, we considered a number of possible sources of examples of clinical cognition and 
reasoning: patient records, expert clinicians, and case reports. We chose not to use patient records in this initial study 
due to their incomplete nature, which was an original motivation for this research. Simply asking medical experts 
how they think might seem the most expedient route, but we believe this would be subject to recall bias and that the 
inherently tacit nature of clinical reasoning [9] might hinder discovery.  

We believe that case reports, as published in the peer-reviewed medical literature, expose the kind of clinical 
reasoning that underlies what is taking place, or should be taking place, in actual patient care. As a result, published 
case reports provide a potentially richer source of explicit statements about what clinicians think is going on with 
their patients and why they choose the diagnostic and therapeutic actions that they do. We therefore chose an 
approach that combined case reports and clinical expertise, involving clinical informaticians who (by nature of their 
training) we thought might have better insight into the tacit nature of their own reasoning processes. We carried out 
a four-phase process to develop and evaluate a terminology that could be used to build a terminology of clinical 
reasoning and cognition (see Figure 1). 

As an initial data set, we chose the three most recent clinical problem-solving cases published in the New England 
Journal of Medicine[10-12] (as of October, 2016) because (a) they are freely available for use in such research, (b) 
they provide high quality case descriptions, (c) they cover the clinical progress of the patient and the evolution of his 
or her situation over time, and (d) they are annotated with interpretations of observations and recommendations 
provided by an expert. The cases were obtained by searching PubMed with the strategy “clinical problem solving 
and nejm”, obtaining links to the full text at www.nejm.org, and downloading them. 

The text of each article was processed manually to remove header and footer information, figures, tables, and the 
“Commentary” sections (as they have a much more erudite discussion of general medical knowledge than one would 
expect to see in EHR records). The text was then parsed into individual sentences and loaded into a spreadsheet, 
with one sentence per row. Particularly complex sentences were divided into multiple rows. 

We asked fellows of the American College of Medical Informatics (ACMI) with clinical backgrounds (that is, 
nurses, dentists and physicians) and who attended the 2017 ACMI Symposium to annotate random subsets of these 
sentences. Their task was to annotate each sentence with one or more tuples, consisting of two concepts and some 
relationship between them (e.g., “patient” – “has symptom” – “dyspnea”). One of the authors (JJC) annotated the 
entire set of sentences and then reviewed all of the expert results to identify common relationship themes. This set of 
relationships formed the initial terminology. 

In Phase 2, we sought a preliminary validation of the initial terminology. One of the authors (ZL), applied the initial 
terminology in a blinded fashion to a random sample of the sentences. These annotations were compared to the 
previous annotations by JJC and interrater reliability (IRR) was measured using joint probability of agreement. 
Discrepancies were discussed and resolved either by agreeing which term was appropriate, by merging terms as 
overlapping, or splitting terms determined to be ambiguous to produce a revised terminology. 

In Phase 3, all of the sentences were further annotated (by ZL) using the revised terminology, and again the IRR 
(joint probability of agreement with JJC’s original annotations, now updated with the revised terminology) was 
measured. Discrepancies were discussed to determine if additional term merging was appropriate, resulting in our 
final terminology. 

In Phase 4, we validated the final terminology by using it to annotate a new set of sentences that were drawn from 
the “Clinical Presentation” sections of five case reports in the Journal of Clinical Case Reports.[13-17]   Each 
sentence from these sections was placed in a spreadsheet along with three columns for data entry, using pull-down 
lists that contained the final terminology. Copies of the spreadsheet were given to three clinical informaticians 
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(specializing in family practice, pediatric hematology/oncology and pathology) to select one to three terms (e.g., 
“has symptom”, one per data entry column) for each sentence. Two of us (JJC and ZL) also coded the sentences.  

We examined the degree of agreement among all the raters using Fleiss’s Kappa statistics[18] to describe the IRR 
between all five raters assigning categorical ratings to a number of sentences. In order to better understand the IRR, 
the raw data were reshaped and re-interpreted such that for each sentence, raters decided whether the sentence 
contains each of the relationship concepts in our final terminology. IRRs for each relationship concept were 
calculated respectively. For each sentence, the most common relationship among all raters was considered the 
“dominant” relationship.  Only the most common chosen relationship was counted for each rater’s choice and the 
overall IRR among the relationships for all five raters across 51 sentences was assessed.  

Unweighted kappa statistics (Fleiss’s Kappa for all five raters) were employed to measure the IRR for the overall 
agreement among raters. Recommended guidelines for interpretation of kappa value (k) are as follows[19]: k≤0 Poor 
agreement; 0＜k≤0.2 Slight agreement; 0.2＜k≤0.4 Fair agreement; 0.4＜k≤0.6 Moderate agreement; 0.6＜k≤0.8 
Substantial agreement; 0.8＜k≤1.0 Almost perfect agreement. The calculation was performed using the “irr” 
package in R.[20] 

Results 

A total of 303 sentences or sentence fragments were extracted from the three New England Journal of Medicine 
papers. Twenty-five ACMI members were contacted. Of those who agreed to conduct some analysis, seven (six 
physicians and one nurse) returned their spreadsheets with some sentences coded. Taken together, experts (including 
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Figure 1:  Phases of terminology development. Solid squares represent rating steps, involving sentences or 
concept-relation-concept tuples, one or more raters and (except in Phase 1) a version of the terminology.  In 
Phase 1, sentences were taken from the New England Journal of Medicine (NEJM) and coded by one of the 
authors (JJC) and 7 fellows of the American College of Medical Informatics (ACMI) into 1155 tuples, from 
which JJC drew the initial terminology.  In Phase 2, one of the authors (ZL) reviewed a 147-tuple subset of the 
1155 tuples to identify terms that could be merged into the revised terminology.  In Phase 3, a review of the 
entire set of 1155 tuples resulted in further term mergers and additions to produce the final terminology.  In 
Phase 4, the final terminology was used by JJC, ZL and three clinical informaticians to code 51 sentences drawn 
from the Journal of Clinical Case Studies.  Interrater reliability statistics for each phase are reported in Table 1. 
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JJC) provided 1155 tuples for the 303 sentences (272, or 90.4%, of sentences has results from two or experts). The 
consolidation of the 1155 tuples by JJC resulted in 395 instances of 38 relations in the initial terminology. 

Initial remapping of 147 tuples (from 27 sentences) of the total 1155 tuples yielded 127 agreements (86%). 
Discussion of the 20 discrepancies led to the following decisions to change relationships in the initial terminology: 

- The term “finding due to therapy” covers the scope of “adverse effect” and so these two were merged into 
"finding/condition due to therapy/intervention " 

- The term "findings co-occur” is synonymous with “co-occurrence” and so these two were merged into 
"findings co-occur” 

- Because the term “history” does not distinguish between something that has resolved and something that 
continues, it was merged into “finding/history of” 

- The terms "natural history of finding” and “disease course” overlap significantly and were merged into 
"natural history of finding/condition" 

- The term “condition suggests finding” was more appropriately covered by “finding suggests condition” and 
was removed 

These revisions reduced the 38 relationships to 33 (the revised terminology) and resulted in agreement on 138 of 147 
tuples (94%). 

Reannotation of the full 1155 tuples with the revised terminology resulted in agreement on 998 (86.4%), with 
disagreement on 157. Discussion of discrepancies yielded the following observations: 

- Findings (especially physical examination) were sometimes difficult to characterize as positive or negative; 
e.g., presence of a normal finding implied absence of a negative finding; the presence and absence terms 
were therefore merged into “finding/history of” (75 instances) 

- There were similar results related to test results; these terms were also merged into “finding/history of” (29 
instances) 

- The terms “description of test” and “natural history of finding/condition”, both involving general medical 
knowledge, as opposed to patient-specific information were deemed to be overlapping and were merged 
into “general knowledge/physician experience” (9 instances) 

- A new term, “progress and prognosis” was suggested and accepted (15 instances) 
 
These changes resulted in a final terminology of 26 terms and retroactively reduced the number of disagreements to 
4 (97.3% agreement) in the initial 147 tuples and to 29 (97.5% agreement) in the total set of 1155. 

The five Phase 4 reviewers identified a total of 594 relationships in the 51-sentence sample from the Journal of 
Medical Case Studies.  The kappa values for the use of each 26 final terms (plus “other”) across all five reviewers 
ranged from -0.03 to 0.81, with an average of 0.31 and 11 having moderate or better agreement (k≥0.4).  When only 
the most common term assigned by the five reviewers was considered for each sentence, Fleiss’s Kappa IRR was 
0.70. Table 1 lists summary statistics for IRR measurements in all phases of the study.  Table 2 shows details for 
each of the terms in the final terminology with individual kappa values. 

All five phase 4 reviewers provided a total of 58 suggestions.  These are currently undergoing analysis to obtain 
consensus on how the terminology should change to accommodate them.  

 

Table 1:  Summary IRRs for all evaluations in the study 

Data Set Initial Terminology Revised Terminology Final Terminology 
147 tuples from the New England Journal of 

Medicine 86%* 94%* 97%* 

1155 tuples from the New England Journal of 
Medicine N/A 86.4%* 97.5%* 

51 sentences from the Journal of Medical Case 
Studies N/A N/A 0.70** 

*Joint probability of agreement between ZL and JJC 
**Fleiss’s Kappa IRR among all 5 raters 
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Table 2: Twenty-six terms in the final terminology, with definitions, examples and Fleiss’s Kappa from Phase 4 

evaluation.  Example words in italics indicate clinical concepts associated with each other through the relationship. 
 

Relationship concepts Definition Example kappa 

finding/history of 

Any simple statement of fact 
about a patient, including a past or 
current diagnosis, a symptom, 
physical finding, test result, etc.; 
no inference or interpretation 
involved 

The patient had slurred speech 0.39 

absence of finding 

Any simple statement of fact 
about something absent, currently 
or in the past; no inference or 
interpretation involved 

She had no history of easy bleeding or bruising 0.65 

finding altered by 

activity 

An observation (by clinician or 
patient) that a finding is altered 
(increased, relieved, etc.) by some 
action (physical activity, 
medication, etc.) 

She noted shortness of breath on exertion 0.06 

findings co-occurrence 

Findings are related to each other 
in some temporal or topographical 
way 

The bruising began shortly after she had had 
sore throat, coryza, and malaise 0.24 

finding suggests 
condition 

A condition is inferred by presence 
of a finding, or a finding can be 
explained by condition 

The pink sputum suggests hemoptysis 0.69 

finding suggests 
condition is not present 

Finding rules out or argues against 
the condition 

These results essentially rule out a platelet 
disorder 0.27 

finding does not 
suggest condition 

Finding does not support the 
condition, but cannot rule out the 
condition 

Elevation of blood sugar in a patient receiving 
intravenous glucose does not imply the 
presence of diabetes. 

-0.01 

finding absence argues 
against condition 

Absence of finding rules out or 
argues against the condition 

The normal blood pressure argues against the 
HELLP syndrome 0.31 

finding/condition due 
to intervention 

Adverse effects, side effect or 
complication of a treatment or 
procedure 

Medications are typically thought to trigger 
this disorder; exposure to antibiotics such as 
cephalosporins, which this patient received, 
commonly precedes the rash 

0.55 

finding/condition 
suggests risk of some 
other condition 

Inference that a condition might 
be present based on the presence 
of some fact about the patient 

HIV-positive patients are at risk for a variety of 
lesions in the nervous system 0.00 

differential diagnosis 

Consideration of multiple 
explanatory conditions for the 
presence of some observed fact or 
inferred condition 

Other causes of an isolated elevated aPTT 
include lupus anticoagulants, factor 
deficiencies, factor inhibitors, and severe cases 
of von Willebrand's disease 

0.70 

therapy A decision to initiate or continue a 
therapeutic activity The patient began to receive levofloxacin 0.49 

discontinue therapy A decision to cease a therapeutic 
activity 

When the Gram’s staining and culture from his 
biopsy were negative, all antibiotic treatment 
was discontinued 
 

0.81 

therapy 
indicated/considered 

A recommendation that a 
therapeutic activity should be 
initiated (or continued) based on 
clinical assessment 
 

A trial of glucocorticoids could be considered 
for relief of symptoms if the patient’s initial 
headache persists 

0.40 
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therapy not indicated 

A recommendation that a 
therapeutic activity should be not 
initiated (or should be 
discontinued) based on clinical 
assessment 

Inadvertent use of quinolone monotherapy to 
treat tuberculosis facilitates the emergence of 
resistant strains and may delay a diagnosis by 
decreasing the sensitivity of sputum culture 

-0.01 

therapy not available 

Statement that a therapeutic 
activity, whether recommended or 
not, is not an available or 
appropriate option 

With regard to the patient’s dysarthria, her 
age, smoking, hypertension, hyperlipidemia, 
and family history all arouse concern about 
stroke, although she is beyond the window for 
any therapy to prevent acute stroke 

0.16 

progress and prognosis An assessment of current or future 
change in a clinical condition 

During this time, he had complete resolution of 
his skin abnormalities, with no recurrence after 
discontinuation of prednisone treatment 

0.41 

diagnostic/assessment 
procedure indicated 

A recommendation that an 
assessment activity should be 
initiated (or continued) based on 
clinical assessment 

In this case, given the history that is suggestive 
of hemoptysis, imaging studies are indicated 0.43 

intention of 
intervention 

The intended reason for carrying 
out an intervention to assist with 
an inference or alteration of a 
patient condition 

In a patient with acute cough, the history and 
physical examination are key to determining 
whether imaging is needed 

0.01 

procedure performed A statement that some intentional 
activity occurred A lumbar puncture was performed [on patient] 0.36 

activity description Report of patient performing some 
activity 

The patient reported strict adherence to 
medications -0.03 

description of 
knowledge/experience  

A statement of medical knowledge 
or clinical experience that may be 
relevant to the patient's findings, 
conditions or decision-making 

Many acquired bleeding diatheses have no 
obvious hereditary component 0.40 

has feature 
A statement of some 
(nontopographical, nontemporal) 
attribute of a finding 

Chest radiography showed a wedge-shaped 
opacity in the right lower lobe with air 
bronchograms 

0.19 

location A statement about a topographical 
aspect of a finding 

During the week before presentation, she also 
noted pain in her right elbow and both knees 0.03 

time A statement about a temporal 
aspect of a finding 

She recalled that she first noticed difficulty 
speaking 4 days before presentation 0.66 

causes 

A statement of medical knowledge 
causal relationships between 
findings /conditions or an 
inference that such as relationship 
is present in the patient 

If systemic release of toxins occurs, a diffuse 
pustular variant of the toxic shock syndrome 
can also occur 

0.20 

other relation (please 
explain) 

Statements that cannot be 
characterized by one of the above N/A 0.05 

 

Discussion 

We carried out a four-phase analysis of clinical case reports to characterize how clinicians’ cognitive processes are 
represented through relationships between clinical terms. We also manually extracted and harmonized frequently 
seen relationships among clinical concepts and achieved a promising interrater agreement for a terminology defining 
these relationships.  The resulting terminology contains 26 unique relationships connecting clinical concepts for 
symptoms, signs, findings, treatments, and so on. The terminology was validated against published clinical cases 
with an overall interrater reliability of 85.4%.  Examination of individual annotations of clinical case statements 
shows great variability in the consistency of their use.  This is likely due in part to a need for more rigorous and 
systematic annotator training.  However, based on initial review of annotator comments, there is likely room in the 
terminology for additional relationships.  The fact that the IRR of the Journal of Clinical Case Studies was more 
than 10 percentage points lower than the IRR with New England Journal of Medicine cases suggests that the 
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terminology needs to be adapted to additional types of reports before saturation is reached.  Not the least important 
of these types will be real-world data from electronic health records. 

This is the initial pilot study intended to create a “starter set” of relationships that appear to be relevant to data 
captured in current EHRs. The data set was drawn from published annotated cases. These cases are probably not 
typical of what appears in patient records today, but that is exactly the point. The cases identify things that should be 
going through clinicians’ minds and should therefore be captured somehow in the EHR, either explicitly by 
clinicians or implicitly through inferences performed behind the scene by artificial intelligence, in order to better 
communicate with others caring for the patient or to improve reuse of the data (whether for immediate decision 
support or retrospective research). 

This work presents a much-needed first step to catalyze a larger study to explore which of the 26 relationships found 
here can be reliably detected though automated means and which are worth having clinicians (and patients) enter 
explicitly into EHRs, what additional relationships might be found in other clinical sources, and which ones are not 
worth further effort. Developing non-disruptive methods for capturing these data (see [21], for example), finding 
corresponding ways to reduce other workload and educating clinicians and patients on the importance of making 
their insights and plans explicit are all challenges that will require the breadth of scientific disciplines comprising 
biomedical informatics. Once they are there, we can focus our efforts on making productive use of contextual 
information to support cognitive computing needed by clinicians.  

This study has several limitations.  First, we analyzed only a sample of case reports and clinical statements.  Our 
current set of 26 relationships is unlikely to be sufficient for representing all clinical reasoning.  This work is merely 
the first step in a principled, empiric approach to developing an ontology for this domain.  Second, our recruitment 
strategy for human annotators was based on convenience samples.  Now that an initial set of concepts has been 
established, development of a more rigorous training process for annotators should be feasible.  Third, much work 
remains to clarify the relationships and the terms to which they can be applied.  

Despite these limitations, we believe that our “starter set” of clinical cognition and reasoning can form the basis for 
representing patient data in ways that, to our knowledge, cannot be captured with current ontologies (such as 
SNOMED [22]) or data models (such at the HL7 Reference Information Model [23]).  And while medical 
knowledge bases have long included relationships such as “Symptom X can be due to Disease Y” and “Disease Y 
can be treated with Drug Z”, there is currently no controlled terminology or data model for capturing patient-specific 
clinical reasoning, such as “I believe that Ms. Jones’s Symptom X is explained by her Physical Finding Y” or “I am 
considering Diseases A, B and C to explain Ms. Jones’s Physical Finding Y”.   

While data mining of noisy, incomplete narrative text records may be useful for discovering patterns in patient 
records that can help us care for future patients, we believe that explicit, formally represented statements by 
clinicians regarding their inferences and decisions about Ms. Jones will be better sources of knowledge to caring for 
Ms. Jones herself.  For example, by knowing the clinician’s differential diagnosis, an expert system can help rule out 
some diseases, suggest additional diseases to consider, and offer the best evidence for choosing diagnostics tests.  
By knowing how the clinician believes signs and symptoms relate to diagnoses, decision support systems can help 
monitor the care plan to propose alternative strategies when the treatment is “right” but the patient is not improving. 

We also believe that a formal representation of clinicians’ interpretations and decisions can unlock new approaches 
to addressing the criticisms currently leveled against EHRs.  Knowing what patient attributes clinicians consider 
important can drive data retrieval from the patient’s historical record and can silence irrelevant alerts.  Information 
about the patient’s state and the clinician’s thinking can lead to more informative clinical documentation.  Finally, 
the “learning health system” will be better able to actually learn from health records if their authors say explicitly 
what they are thinking. 

Conclusions 

Representing the patient’s true situation and clinician’s cognitive processes has always been a goal of good health 
care but has not been pursued diligently. Adding such information to the chart, in a structured, controlled manner 
has the potential to lead to the next generation of sophisticated EHRs that are better equipped to provide cognitive 
decision support. The work presented here can serve as an initial step towards a larger effort to characterize such 
valuable situational information with a broad range of applications to improve healthcare quality and efficiency. 
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