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Background and Significance

The National Academy of Medicine describes diagnostic errors
as a blind spot in the delivery of quality of health care.1

Diagnosis is often characterized by complexity, uncertainty,

and error.2 Not surprisingly, diagnostic practices are highly
variable.3,4 Such variation may only be partially explained by
different patient characteristicsandpresentations. The residual
variation may be the result of differing individual physician
heuristics and experiences.5,6 Some diagnostic practices are
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Abstract Background Diagnosis is complex, uncertain, and error-prone. Symptoms such as
nonspecific abdominal pain are especially challenging. A diagnostic path consists of
diagnostic steps taken from initial presentation until a diagnosis is obtained or the
evaluation ends for other reasons. Analysis of diagnostic paths can reveal patterns
associated with more timely and accurate diagnosis. Visual analytics can be used to
enhance both analysis and comprehension of diagnostic paths.
Objective This article applies process-mining methods to extract and visualize
diagnostic paths from electronic health records (EHRs).
Methods Patient features, actions taken (i.e., tests, referrals, etc.), and diagnoses
obtained for 501 adult patients (half female, half �50 years of age) presenting with
abdominal pain were extracted from an EHR database to construct diagnostic paths from a
hospital system in suburban Chicago, Illinois, United States. A stable diagnosis was defined
as the same diagnosis recorded twice in a 12-month period; a working diagnosis was
recorded only once. Three different types of path visualizations were obtained.
Results A stable diagnosis was obtained in 63 (13%) patients after 12 months. In 271
(54%) patients, a working diagnosis was obtained. Mean path duration was 145.3 days
(standard deviation, 195.1 days). These 63 patients received 75 stable diagnoses.
Conclusion Structured EHR data can be used to construct diagnostic paths to gain
insight into diagnostic practices for complaints such as abdominal pain.
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associated with delayed or incorrect diagnosis, unnecessary
expense, overtreatment, and substantial harm.7

Guidance about best diagnostic practices is scarce. Few
guidelines, for example, provide recommendations on how
best to carry out a diagnostic evaluation for common specific
patient complaints. Nonspecific complaints such as nonspe-
cific abdominal pain and dizziness are especially challenging
for primary care.8 Nonspecific complaints are associated
with significant diagnostic variation, high rates of diagnostic
error, and frequent nondiagnosis.2,9–13 An important step in
improving diagnosis for common complaints is to gain a
better understanding of current diagnostic practices.

We have previously defined the term diagnostic path as a
systematic approach to describing the steps taken for diag-
nostic evaluation of a complaint after initial presentation of a
patient until either a stable diagnosis is achieved (i.e., a
diagnosis which becomes the basis for treatment) or the
patient and physician choose to end the diagnostic evalua-
tion without obtaining a diagnosis (e.g., pursuing symptom
management without further diagnostic evaluation).14

Although it is clear that evidence of diagnostic reasoning
will be largely in the textual note, the problem we have
addressed is to determine howmuchmay be discerned from
the sequence of discrete events in the record through meth-
ods borrowed from the process mining and phenotyping
paradigms.We have developed amethodology for extracting
the data necessary to construct diagnostic paths for a sample
of patients from a repository of electronic health records
(EHRs) data and applied it to the problem of nonspecific
abdominal pain. Furthermore, we have developed a novel
method for visualizing diagnostic paths which we believe,
when applied to diagnostic paths of a large number of
patients, is useful to facilitate understanding by clinicians
and patients, and also for analysis of patterns of diagnostic
practices. We have previously described the technical
aspects of our work in a detailed paper.15 For this article,
we developed two visualizations from a small sample to
provide a proof of principle for themethodology.We empha-
size the clinical aspects and clinical significance of the
application of diagnostic paths to abdominal pain. We
believe diagnostic paths are useful both for understanding
diagnostic practice variation and to identify best diagnostic
practices associated with more timely and accurate diagno-
sis, and less resource-intensive diagnostic evaluation.

Abdominal pain in primary care is an ideal test case to
apply the concept of diagnostic paths, as it is very common,
comprising the reason for visit among 1.5% of all patients
presenting in primary care.16 It is associated with both
relatively benign (e.g., gastroesophageal reflux disease
[GERD]) and serious conditions (e.g., cancer), making it
important to weigh the risks of missing a serious diagnosis
against unnecessary testing. Diagnostic approaches to
abdominal pain are highly variable.15,17–20 In over half of
patients a diagnosis is not reached.21 Moreover, evidence-
based guidance on best approaches to abdominal pain in
primary care is unavailable. The few published guidelines
that do exist are focused upon the emergency room
setting.22

Objective

Our primary objective was to apply the concept of diagnostic
paths to structured EHR data, including both quantitative
analysis and visualization.We chose abdominal pain as a test
case for the reasons cited above. In a previous paper, we
emphasized the technical aspects of visualization.15 In this
article, we focus uponhowanalysis of diagnostic paths can be
used to better understand diagnosis in patients with abdom-
inal pain, and can eventually serve as a useful source of
diagnostic guidance.

Methods

Data Sources/Extraction and Key Definitions
Two authors first independently identified structured data
fields from EHR records relevant to abdominal pain through
manual chart review of 25 patients. We also completed a
quantitative analysis of the most common tests, prescrip-
tions, procedures, and referrals provided or performed in
patients with abdominal pain in primary care settings in our
health system. Based on the independent chart review
assessment which was observed by a third member of the
team and quantitative analysis and based on counts of
completeness, the research team iterated the process to
construct a consensus data extraction template relevant to
abdominal pain (see ►Supplementary Material, available in
the online version).

The relevant EHR datawere extracted from the Enterprise
Data Warehouse (EDW), a comprehensive data repository of
over 1 million patients extracted primarily from the Epic
Systems EHR (Epic Systems, Verona, Wisconsin, United
States). From among approximately12,000 patients who
presented for the first time in 2011 or 2012 in primary
care (family medicine or internal medicine) with a chief
complaint/reason for visit of abdominal pain (as well as two
related structured terms, “epigastric pain” and “stomach
pain”) with no encounters or referrals for abdominal pain
in the prior 12 months, we randomly selected 501 patients
based on these criteria: (1) 50% female and (2) 50% with
age � 50 years. Our purposive sampling was chosen to
reflect the very different etiologies of abdominal pain among
men and women, and older and younger patients. All
encounters and activity for each patient for a period of up
to 12 months after the index encounter were analyzed.

We defined a “stable diagnosis” as a specific problem-
related diagnosis which is recorded separately (i.e., not just
carried over as evidenced by the relevant timestamp) on at
least two separate encounters during the 12-month study
period. For example, consider a patient with abdominal pain
who is not given a specific abdominal pain-related diagnosis
after two encounters, but a diagnosis of GERD is recorded at
the third encounter, peptic ulcer disease at the fourth
encounter, and GERD is recorded at the fifth encounter,
the patient’s “stable diagnosis” is considered as GERD. The
assumption is that because the physician has recorded the
same specific diagnosis twice, it has become the basis for
treatment. We defined a “working” diagnosis as a specific
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diagnosis which is recorded only once during the study
period. A patient can have more than one working or stable
diagnosis during the study period. For patients with stable
diagnoses, the duration of a diagnostic path is defined as the
length of time from the first presenting encounter to the
point at which the first of two identical problem-specific
diagnoses are recorded. These definitions have been con-
ceived only to operationalize the application of diagnostic
paths to EHRs, and may not accurately reflect physicians’
thinking. The definitions are not rigid and the endpoint and
duration of a diagnostic path can be defined in other ways. A
“working” or “stable” diagnosis may be made in any clinical
(rather than just primary care) setting. It should also be
noted that there is no distinction between chronic and acute
diagnoses, although that may be identifiable from the record
through temporal analysis: for an acute condition, the two
independent diagnoses may be expected to have occurred
closer together in time.

Statistical Analysis
Descriptive statistics were summarized as mean � standard
deviation (SD) for continuous variables and N (%) for cate-
gorical variables. Normality was evaluated using graphical
methods and the Shapiro–Wilk test. Continuous variables
were compared using the two-sample t-test or analysis of
variance for normally distributed data, or Wilcoxon rank-
sum test and Kruskal–Wallis test for skewed data. Categorical
variables were compared using the chi-squared test or Fish-
er’s exact test. All data were analyzed using SAS v9.3 (SAS
Institute, Cary, North Carolina, United States). p-Values of
< 0.05 were considered significant.

Visualization Methods
Understanding diagnostic paths for individual or a large
number of patients in a way that is meaningful to clinicians
is challenging. Visual analytics addresses this challenge.23

When applied to individual diagnostic paths or paths from
thousands of patients, visualization promotes easier data
consumption. Analysis based on visualization of thousands
of paths can also provide insights that are complementary to
a purely quantitative statistical approach. We applied a
visual analytics methodology to the construction of diag-
nostic paths.24 There are two essential steps: transformation
of multifactorial sources of clinical information into a path-
form data structure, and identification of common path
patterns among clusters of similar paths. The first step is
critical in summarizing the steps taken to diagnose patients
such that patients who received similar approaches can be
identified as clusters. We do so by constructing encounter
identifiers for each encounter, where each identifier encom-
passes multifactorial information. The resulting path-form
data allow us to identify common data patterns in all, or in a
subset, of the data by examining transition frequencies. We
refer to an encounter taking place first in the path as source
and the successor as target. For example, given a path with
encounter identifiers V3-V2-V2-V5, there are three transi-
tions: (V3, V2), (V2, V2), and (V2, V5), where the source is V3
and target is V2 in thefirst transition. To ensure that common

patterns occur in the data beyond a certain probability, we
define a measure:

where

is the number of times Ni appears as a source, and

is the number of times Nj appears as a target given Ni is the
source. Weight is therefore the conditional probability that
Niwill transition toNj. We also capture the difference in days
between source and target as time gap. If the same transition
of visits has more than one time gap observed in multiple
paths, we take the average of all time gaps for a transition.
Our visualization methods are described in additional detail
in a paper by Zhang et al.24

Results

Characteristics of Patients
We divided our set of 501 patients into those with “stable,”
“working,” and “no diagnosis” after 12 months. Patient char-
acteristics are summarized in ►Table 1. Sixty-three (13%)
patients had a stable diagnosis, 271 (54%) had a working
diagnosis, and 167 (33%) had no specific diagnosis. Patients
without a diagnosis were younger, less likely to report allergy,
and less likely to have recorded past medical problems.

Diagnostic Actions
We divided actions taken into broad categories which
included laboratory testing, imaging, prescriptions, and
referral. We were especially interested in actions taken
during the first encounter for abdominal pain, as we found
(to be discussed later) that among those with stable diag-
noses, the diagnosis was often made at that encounter. We
compared patients with a stable diagnosis to those with
working and no diagnoses. There were no significant differ-
ences among patients with stable, working, and no diagnosis
in terms of the rate of prescription of any medication at the
first encounter (68.25, 75.28, and 67.66%, respectively,
p ¼ 0.18). Patients with a stable diagnosis or working diag-
nosis were more likely to be prescribed any medication
during the 12-month follow-up period (98.41 and 97.42%,
respectively) versus just 80.84% of patientswith no diagnosis
(p < 0.01). A total of 77.78% of patients with a stable diag-
nosis were prescribed a gastrointestinal drug in the 12-
month follow-up period compared with 57.93 and 29.94%
of patients with a working and no diagnosis, respectively
(p < 0.01).

Note that 20.63% of patients with a stable diagnosis were
referred to a gastroenterologist compared with 22.14% of
patients with a working diagnosis and 13.17% of patients
with no diagnosis (nonsignificant differences). A total of
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9.52% of patients with a stable diagnosis were referred to an
obstetrician/gynecologist compared with 2.95% of those
with a working diagnosis and 1.20% of patients with no
diagnosis (p < 0.01).

Therewere no significant differences among patientswith
a stable, working, or no diagnosis in the percentage who had
a laboratory or imaging test ordered or procedure at the first
encounter (53.97, 52.4, and 49.1%, respectively, p ¼ 0.731).
However, over 12 months, 98.41% of patients with a stable
diagnosis, 94.83% of patients with a working diagnosis, and
80.84% of patients with no diagnosis had some type of
laboratory or imaging test or procedure ordered (p < 0.01).

A complete blood count (CBC) was the most commonly
ordered laboratory test at thefirst encounter among all three
groups of patients (47.62, 36.9, and 40.72% among thosewith
stable, working, and no diagnosis, respectively, nonsignifi-
cant differences). In general, there were few differences
among the three groups of patients in terms of rates of
ordering specific tests and imaging studies at the first
encounter. There were, however, significant differences
when all encounters in the 12-month study period were
considered. Almost all specific tests were more likely to be
ordered among those with a stable diagnosis (►Table 2).

Stable Diagnoses
The 63 patients with stable diagnoses in our data set had a
total of 75 different diagnoses (►Table 3). A single patient can
have � 1 stable diagnoses recorded in the study period.
Among 75 diagnoses, the most common diagnoses were
gastrointestinal (n ¼ 43, 57%), followed by urological
(n ¼ 25, 33%) and gynecological (n ¼ 7, 9%).

Duration and Frequency of Visits
The mean duration to a stable diagnosis in our sample was
145.3 days (SD, 195.1 days), with a median duration of
56 days. Gastrointestinal diagnoses were made in the short-
est time (125.35 days, SD, 209.94 days, median 14 days).
Mean times for gynecological and urological diagnoses were
143.29 (SD, 223.27, median 29) and 180.16 (SD, 160.46,
median 154) days, respectively.

Path durationwas longer for women thanmen (159.25 vs.
129.34 days, p ¼ 0.046). Patient age and path duration were
significantly correlated (Pearson’s correlation coefficient
0.340, p < 0.01).

Path durationmay not reflect the effort required to obtain
a “stable” diagnosis. We therefore also calculated the fre-
quency of outpatient office visits among those with stable

Table 1 Characteristics of patients with stable, working, and no diagnosis

Characteristic Patients with
stable diagnosis
(N ¼ 63)

Patients with
working diagnosis
(N ¼ 271)

Patients with
no diagnosis
(N ¼ 167)

p-Value for
differences

Demographics

Age (mean, SD) 53.5 � 16.95 55.49 � 17.28 47.21 � 14.92 < 0.01

BMI (mean, SD) 27.7 � 5.51 27.76 � 5.39 27.22 � 5.87 0.61

Sex – Female (%) 31 (49.21) 143 (52.77) 76 (45.51) 0.33

Sex – Male (%) 32 (50.79) 128 (47.23) 91 (54.49)

Race

African American (%) 1 (1.59) 9 (3.32) 5 (2.99) 0.60

Asian (%) 2 (3.17) 11 (4.06) 13 (7.78)

White Caucasian (%) 42 (66.67) 172 (63.47) 107 (64.07)

Other (%) 18 (28.57) 79 (29.15) 42 (25.15)

Ethnicity

Hispanic (%) 6 (9.52) 21 (7.75) 14 (8.38) 0.89

Non-Hispanic (%) 57 (90.48) 250 (92.25) 153 (91.62)

Patient’s preferred language

English (%) 61 (96.8) 260 (95.94) 160 (96.97) 0.60

Not English (%) 2 (3.2) 11 (4.06) 5 (3.03)

Medical history

Any reported allergy (%) 30 (47.62) 133 (49.08) 59 (35.33) 0.02

Any reported past medical
history on problem list (%)

44 (69.8) 190 (70.11) 95 (56.89) 0.02

Any reported past surgical
history on problem list (%)

38 (60.32) 160 (59.04) 94 (56.29) 0.80

Any reported family medical history (%) 44 (69.84) 179 (66.05) 111 (66.47) 0.85

Abbreviations: BMI, body mass index; SD, standard deviation.
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diagnoses. Themean number of office visits in this groupwas
2.23, with a SD of 4.08.

Visualization Results
Among the 63patientswith stable diagnoses,wevisualized51
distinct paths.►Fig. 1 is a visualization of diagnostic paths for
the 63 patients with stable diagnoses. The size of each node
and the thickness of each arrow are proportional to the
number of patients who follow a specific path segment. The
upper graphic of thefigure is very complex.When thefigure is
limited to nodes which include a minimum of two patients,
and actions are grouped into larger categories, the lower
graphic of the figure is the result, and is easier to digest. The
figure includes classification of specific actions into categories
including prescription of central nervous system-acting drugs,
prescription of other classes of drugs, gynecological or urolo-
gical referrals, and imaging tests of any kind. Note that in a
significant proportionof patients (10/63, 16%), a diagnosiswas
made immediately after the index encounter with no further
evaluation.

►Fig. 2 is a different type of visualization, which shows
three very different diagnostic paths for three patients
eventually diagnosed with GERD.

Discussion

Abdominal pain is a common and challenging problem in
primary care and is associated with significant diagnostic
variation. We successfully applied the concept of diagnostic
paths to an EHR-derived data repository by extracting,
analyzing, and visualizing the necessary data for 501 patients
with nonspecific abdominal pain. Ours is not the first effort
to visualize care patterns from EHR data,25,26 but is the first

to apply visual analytics to a common primary care problem.
Wewere able to successfully create visualizations of paths of
all patients in whom a stable diagnosis was obtained, visua-
lize the paths of individual patients, and provide a summary
visualization of common paths which includes a time scale.
Through visualization, a clinician can see the diagnostic path
of an individual patient to learn howadiagnosiswas reached,
or can see patterns of diagnostic pathswhichmay reveal how
his or her colleagues are approaching a common problem.

One of our most important findings is that our definition
of “stable diagnosis” leaves 87% of patients undiagnosed after
a year. Even the less restrictive “working diagnosis” endpoint
leaves 33% undiagnosed. This finding is consistent with past
studies. van der Weijde et al report that in more than half of
all cases of abdominal pain in primary care a specific
diagnosis is not reached.21 A 2005 study reported that
even among elderly patients presenting with abdominal
pain to emergency rooms and followed-up 2 weeks later, a
specific diagnosis had not been established in 14.8% of
cases.20 In our study, the low rates of both stable andworking
diagnoses may not only reflect a failure to reach a diagnosis,
but also cases in which patients’ symptoms resolved either
spontaneously or through empiric treatment, or patients
who were lost to follow-up, or seen elsewhere. Our struc-
tured quantitative data are not able to distinguish among
these possibilities.

It takes an average of nearly 5 months to make a specific
diagnosis based on our definition of “stable” diagnosis. This
duration is somewhat misleading, as in a significant propor-
tion of patients (16%) a stable diagnosis ismade based upon a
single office visit with no further evaluation.

Although a wide variety of laboratory tests, imaging
studies, and referrals are made among the patients studied,

Table 2 Laboratory tests and imaging over 12-month follow-up period

Test/Imaging study Patients with stable
diagnosis
(N ¼ 63)

Patients with
working diagnoses
(N ¼ 271)

Patients with
no diagnosis
(N ¼ 167)

p-Value for
differences

Tests

Serum amylase 15 (23.81%) 34 (12.55%) 18 (10.78%) 0.029

Basic metabolic panel 25 (39.68%) 88 (32.47%) 28 (16.77%) 0.029

Clostridium difficile colitis 8 (12.70%) 15 (5.54%) 7 (4.19%) 0.048

Complete blood count 59 (93.65%) 219 (80.81%) 118 (70.66%) < 0.01

Urinalysis 40 (63.49%) 152 (56.09%) 64 (38.32%) < 0.01

Urine culture 25 (39.68%) 74 (27.31%) 12 (7.19%) < 0.01

Complete metabolic panel 54 (85.71%) 217 (80.07%) 109 (65.27%) < 0.01

Helicobacter pylori testing 15 (23.81%) 34 (12.55%) 11 (6.59%) < 0.01

Liver enzymes 22 (34.92%) 52 (19.19%) 16 (9.58%) < 0.01

Imaging

Computed tomography (CT) scan
of abdomen and/or pelvis

28 (44.44%) 76 (28.04%) 24 (14.37%) < 0.01

X-ray abdomen 10 (15.87%) 9 (3.32%) 1 (0.6%) < 0.01

Ultrasound of abdomen or pelvis 24 (38.10%) 53 (19.56%) 31 (18.56%) < 0.01
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a consistent finding is that more diagnostic services are
provided to those in whom a stable diagnosis is achieved.
A simple, but potentially misleading conclusion may be that
more testing is necessary to obtain a diagnosis. Equally,
patients who are better engaged in the health system may
be more likely receive and/or to follow-up with recom-
mended testing. Or clinicians who are aware that a diagnosis
may not be reached in a large proportion of patients may
actually order diagnostic tests only in patients for whom a
specific diagnosis is more likely.

Our results are subject to several limitations. First, our
definitions of “stable diagnosis” and path durationwere based

onlyon consensus among the research team.Nevertheless, our
findings, and evenmore so, our methods have the potential to
inform a review of these definitions. Second, there is little
doubt that patient characteristics and details of presentation
are important drivers of diagnostic paths. Some of these data
are included in free-text notes in the EHR. We did carry out
manual chart reviews on a small scale to validate structured
field data extracted from the EDW. Supplementing structured
field data with free-text notes, however, proved both imprac-
tical and not valuable because physicians’ notes were fre-
quently missing key elements of the clinical evaluation. It is
also unclear towhat extent physicians’ notes accurately repre-
sent diagnostic thinking. For these reasons, we limited our
analysis to data from structured fields. While the diagnostic
process is guided by the evolving individual clinical features
withwhich individual patients present, we believe analysis on
a large scalewillminimize problems such as attribution or the
absence of free-text notes, since large numbers of patients
with broadly similar characteristics will be analyzed.

We are also uncertain towhat extent the large proportion
of patients in whom no diagnosis is obtained represents a
diagnostic failure, or simply patients whose symptoms have
resolved, or through frustration or for other reasons sought
diagnostic help outside our health system.

Finally, as noted above, diagnostic paths as extracted from
the EHRsmaynot accurately reflect physicians’ thinking. This
is closely related to the problem of attribution which we
encountered during our manual chart reviews. For example,
if a patient with a primary complaint of abdominal pain also
suffers from anemia due to menorrhagia, and a CBC is
ordered, to which problem is the test attributable? In some
cases, it is not possible to know.

Our next goal is to apply our methodology to thousands of
patients, inwhichmore robust patterns ofdiagnostic practices
will be identifiable for abdominal pain and other challenging
problems. Visualizationwill also be useful in easily identifying
patterns among diagnostic paths when a large number of
patients is analyzed. Our visualizations were based on a
relatively small number of patients and performed primarily
to applyour visualizationmethodology.Weacknowledge that,
even on a very large scale, identifying patterns of diagnostic
paths can only tell us which patterns are best among those
being practiced, rather than what an optimal path, or candi-
datepathway,maybe, although it shouldserve toeliminate the
weakest paths from consideration.

Conclusion

Diagnostic paths can be successfully identified and visua-
lized from structured EHR data. In a sample of patients with
the challenging primary care problem of abdominal pain,
only a small proportion received a stable diagnosis after
12 months. Patients who receive more diagnostic services
are more likely to also receive a diagnosis. In the majority of
cases, a diagnosis is obtained quickly after one visit, or after
several months. Our study represents an important begin-
ning in the application of the concept of diagnostic paths to
EHR data.We believe that wewill be able to identify patterns

Table 3 Stable diagnoses (n ¼ 63)

Diagnosis Frequency (%)

Gastrointestinal problems

Esophageal reflux/heartburn (GERD) 10 (15.9)

Diverticulitis 4 (6.3)

Cholelithiasis 4 (6.3)

Dyspepsia 3(4.8)

Gastritis/gastroduodenitis 2 (3.2)

Clostridium difficile colitis 2 (3.2)

Cholecystitis 2 (3.2)

Anal fissure 2 (3.2)

Inguinal hernia 2 (3.2)

Noninfectious gastroenteritis 1 (1.6)

Cholangitis 1 (1.6)

Ventral hernia 1 (1.6)

Irritable colon 1 (1.6)

Hepatitis 1 (1.6)

Intestinal abscess 1 (1.6)

Nonspecific intestinal obstruction 1 (1.6)

Enterostomy complication 1 (1.6)

Infectious diarrhea 1 (1.6)

Intussusception 1 (1.6)

Regional enteritis 1(1.6)

Appendicitis 1 (1.6)

Gynecological problems

Menorrhagia 2 (3.2)

Ovarian cyst 1 (1.6)

Noninflammatory disease of ovary 1 (1.6)

Noninflammatory disease of vagina 1 (1.6)

Nonspecific menstrual disorder 1 (1.6)

Postmenopausal bleeding 1 (1.6)

Urinary tract problems

Urinary tract infection 15 (23.8)

Nephrolithiasis 8 (12.7)

Bladder stone 2 (3.2)

Abbreviation: GERD, gastroesophageal reflux disease.
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more likely to be associated with timely, accurate, and
resource-efficient diagnosis. These preferred patterns could
form the basis of diagnostic guidance, which today, is largely
based only on consensus recommendations.

Clinical Relevance Statement

Diagnosis, especially among patients with common nonspe-
cific complaints such as abdominal pain, is extremely chal-
lenging for physicians who also lack guidance on best
diagnostic practices. Analyzing and visualizing diagnostic

paths on a large scale, for which our study lays the founda-
tion, has the potential to reveal more timely, accurate, and
resource-efficient diagnostic practices.

Multiple Choice Questions

1. Which statement best describes a “diagnostic path”?
a. A guideline on best diagnostic practices designed for

practicing physicians.
b. A description of the steps taken from first presentation

to diagnosis.

Fig. 1 Diagnostic paths of patients in whom a stable diagnosis was obtained. Top: Complete diagnostic paths for 63 patients. The size of nodes
and thickness of arrows is proportion to the number of patients who follow each path segment. Bottom: Diagnostic paths of patients with stable
diagnosis including nodes with � 2 patients. Eval only: physician completed clinical evaluation only with no other actions. GU: gynecologic
urology referral. Imaging: imaging order. CNS: prescription of central nervous system drug. Prescription, prescriptions of medications from
other classes. Laboratory tests were analyzed individually and not grouped into categories (e.g., hematology, chemistry). A large variety of
different laboratory tests were ordered, with only a limited number of different tests in each category. Only actions which occurred among � 2
patients are included, which is why individual laboratory tests or test categories do not appear.
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c. A description of a patient’s preferences for diagnosis
throughout their interaction with the health care
system.

d. A summary of laboratory tests obtained to reach a final
diagnosis.

Correct Answer: The correct answer is option b. A diag-
nostic path is a description of the steps taken from first
presentation to the point a stable diagnosis (diagnosis
upon which treatment is based) is obtained. Choice (a)
better describes a diagnostic pathway—a prescriptive
approach to diagnostic evaluation available in some
guidelines. A diagnostic path largely reflects physicians’
diagnostic practices and not patient preferences (choice
c). It encompasses imaging and other diagnostic proce-
dures, referrals, trials of medication, and follow-up inter-
vals in addition to laboratory tests (choice d).

2. Whichcharacteristicofa commonpresentingproblemmake
it especially suitable for study through diagnostic paths?
a. The problem is extremely rare in the general popula-

tion of patients.
b. Guidance on diagnostic evaluation of the problem is

available in the form of evidence-based guidelines.
c. Physicians have adopted uniform approaches to diag-

nostic evaluation of the problem.
d. The problem is associated with both very serious and

relatively benign underlying pathology.

Correct Answer: The correct answer is option d. Identify-
ing meaningful patterns among diagnostic paths requires
significant numbers of patients, so rare problems are
difficult to study (choice a). In cases in which valuable
guidance is already available and when physicians have
already adopted uniform practices, study of diagnostic
paths is naturally less likely to prove valuable (choices b
and c). The ideal type of presenting complaint is one
associated with very serious underlying pathology (such
as gastrointestinal cancer) and relatively benign pathol-
ogy (mild gastroesophageal reflux disease). These are the
types of complaints that are especially challenging and
associated with substantial variation in diagnostic prac-
tices. When underlying pathology is usually benign, spe-
cific diagnostic choices are less likely to have a serious
impact. When underlying pathology is usually very ser-
ious, physicians are likely to consistently adopt intense
diagnostic evaluation to identify it.

Protection of Human and Animal Subjects
This study was performed in compliance with the World
Medical Association Declaration of Helsinki on Ethical
Principles for Medical Research Involving Human Sub-
jects, andwas reviewed and approved by the Institutional
Review Board of the NorthShore University HealthSystem.

Conflict of Interest
None declared.

Fig. 2 Paths to gastroesophageal reflux disease (GERD). Three interesting diagnostic paths to a diagnosis of GERD with a timeline. Arrows
emanating from index visit indicate everything that took place at that visit (first circle after index visit) and thereafter according to the timeline.
Gray circle, encounter with clinical evaluation only; green circle, encounter with clinical evaluation plus referral; red circle, encounter with
prescription; yellow circle, encounter with laboratory testing; orange circle, encounter with laboratory testing plus prescription. Medications are
classified by therapeutic category: GI, gastrointestinal; CNS, central nervous system; Infect, anti-infective; GU, genitourinary; analgesic,
analgesic (e.g., oxycodone); other, other medication category.
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