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Abstract: Diagnostic error is a serious public health 
problem to which knowledge gaps and associated cog-
nitive error contribute significantly. Identifying diagnos-
tic approaches to common problems in ambulatory care 
associated with more timely and accurate diagnosis and 
lower cost and harm associated with diagnostic evalua-
tion is an important priority for health care systems, clini-
cians, and of course patients. Unfortunately, guidance on 
how best to approach diagnosis in patients with common 
presenting complaints such as abdominal pain, dizziness, 
and fatigue is lacking. Exploring diagnostic practice vari-
ation and patterns of diagnostic evaluation is a potentially 
valuable approach to identifying best current diagnostic 
practices. A “diagnostic path” is the sequence of actions 
taken to evaluate a new complaint from first presentation 
until a diagnosis is established, or the evaluation ends for 
other reasons. A “big data” approach to identifying diag-
nostic paths from electronic health records can be used to 
identify practice variation and best practices from a large 
number of patients. Limitations of this approach include 
incompleteness and inaccuracy of electronic medical 
record data, the fact that diagnostic paths may not repre-
sent clinician thinking, and the fact that diagnostic paths 
may be used to identify best current practices, rather than 
optimal practices.

Keywords: diagnosis; electronic medical records; practice 
patterns.

Background

Diagnostic errors and the nature  
of diagnostic process failures

Diagnosis has always been an inherently difficult, uncer-
tain, and error-prone process. In the 19th century, English 
physician Peter Mere Latham wrote, “Diagnosis is often 
easy, often difficult, and often impossible” [1]. More than 
a 100 years later, in its 2015 report titled Improving Diag-
nosis in Health Care, the National Academy of Medicine 
described diagnostic errors as a blind spot in the deliv-
ery of quality of health care. The report further describes 
improving diagnosis as a “moral, professional, and public 
health imperative” [2]. According to one estimate, roughly 
12  million American adults are affected by diagnostic 
errors annually in outpatient settings alone [3], up to one 
third of whom may suffer harms as a result [4]. Diagnostic 
error can take several forms, including missed, delayed, 
or incorrect diagnosis [5]. Interventions to reduce diag-
nostic error include system-level and cognitive strategies 
[6]. A complementary approach is to focus on individual 
steps in the diagnostic process as well as the diagnostic 
process as a whole to identify sources of error and areas 
for improvement.

Symptom-specific approaches to studying 
diagnostic strategies and diagnostic error

A symptom-oriented, process-focused approach empha-
sizes questions such as, “What is the best approach to 
establishing a correct diagnosis (e.g. stroke vs. not stroke) 
among patients with dizziness?” This is in contrast to 
addressing a question such as, “What are the most effec-
tive strategies to reduce missed stroke among stroke 
patients presenting dizziness?” The answer to the latter 
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question might be to “obtain neurologic consultation and 
neuroimaging in all patients with dizziness”. However, 
this is not likely to be the correct answer to the former 
question, given that 97% of patients with dizziness do not 
have stroke as a cause [7]. The first question deals with 
a symptom-defined cohort, whereas the latter deals with 
a disease-defined cohort. When solving specific diagnos-
tic problems, diseases of interest must inform the devel-
opment of solutions, but, ultimately, diagnostic process 
improvements must apply to all patients with the target 
symptom, precisely because the disease etiology is, as yet, 
unknown. Essentially, when clinicians begin the diagnos-
tic process, they usually deal with symptoms rather than 
diagnoses.

Unfortunately, diagnostic guidance for symptoms, 
particularly in ambulatory settings, is scarce, and when 
available, often of low quality. Relatively few clinical 
practice guidelines address diagnosis specifically. Rec-
ommendations in guidelines addressing diagnosis alone 
or diagnosis combined with treatment are often based on 
expert consensus or similar weak levels of evidence. For 
example, the majority of recommendations in a recently 
updated guideline for fever of uncertain source in infants 
≤60  days of age were based on either weak evidence or 
consensus opinion only [8]. In another example, con-
sider a recently published guideline on the evaluation 
and management of headache in primary care settings 
[9]. All the recommendations for evaluation and diagno-
sis are based on expert opinion, case series, or nonran-
domized studies. By contrast, the majority of treatment 
recommendations are based on randomized trials and 
high-quality systematic reviews. This is not surprising as 
studying diagnosis and identifying best practices through 
experimental designs is more challenging. This relatively 
weak evidence underlying diagnostic recommendations 
may lead to lower adherence to available guidelines, as it 
has been shown that the strength of evidence has a strong 
impact on clinicians’ likelihood to adopt guidelines [10]. 
This lack of (and lack of faith in) consensus guidelines 
for diagnosis, may, in turn, lead to significant diagnostic 
practice variation.

Practice variation

There is a great deal of variation in diagnostic practices 
from clinician to clinician, institution to institution, and 
region to region, which cannot be explained by variation 
in the characteristics of individual patients or patient 
populations [3]. Some patients are diagnosed in a timely, 
accurate, and cost efficient way, whereas others suffer 

from diagnostic error. Systematically studying variation in 
diagnostic practices therefore has the potential to reveal 
relatively successful or unsuccessful diagnostic strategies. 
We now have the potential to identify practice patterns on 
a large scale (a “big data” approach), including diagnos-
tic practice patterns, from repositories of electronic health 
records (EHR) data [11].

Priorities for the study of symptom-oriented diagnos-
tic practice patterns include symptoms that are common 
in ambulatory primary or emergency care, known to be 
challenging to evaluate, associated with both serious and 
benign underlying disease, and also associated with high 
degrees of diagnostic practice variation. These symptoms 
include nonspecific abdominal pain (when unaccompa-
nied by “red flags” such as weight loss or rectal bleeding), 
dizziness, and fatigue in ambulatory primary care and the 
emergency department. Nonspecific complaints such as 
these are not only associated with high levels of practice 
variation but also particularly prone to diagnostic error 
[12, 13].

Introduction to diagnostic paths
We define a diagnostic path as the sequence of steps that 
make up the diagnostic process from first presentation of 
a patient with a specific symptom until either a diagnosis 
is made and treatment is initiated or the diagnostic evalu-
ation ends for other reasons.

Diagnostic paths may be very short (e.g. a single 
outpatient visit to a primary care physician in which a 
diagnosis is established) or lengthy and complex (e.g. 
involving multispecialty referrals and numerous tests). 
Figure 1 illustrates a typical diagnostic path for a young 
man with nonspecific abdominal pain. A diagnostic 
path begins with a presenting complaint followed by a 
clinical evaluation, which typically includes a detailed 
history and physical examination. If the diagnosis is not 
immediately apparent to the treating clinician, this is 
often followed by some combination of diagnostic tests 
(typically laboratory or imaging studies) or consulta-
tions, observation with follow-up visits, or an empiric 
trial of therapy (either itself as a diagnostic test or as a 
means of symptom management without need for a firm 
diagnosis). Referral to a consultant may result in addi-
tional steps being added to the path. For example, if a 
neurologist to whom a patient is referred orders neuro-
imaging, this would also be considered part of the path. 
The diagnostic path may end when a diagnosis is reached 
(based on clinical, laboratory, or pathological findings) 
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and treatment, if appropriate, initiated. Alternatively, 
the path may end if a patient’s symptoms have resolved 
(spontaneously or with empiric treatment) without 
reaching a causal diagnosis, or, by mutual agreement, if 
the provider and patient elect not to pursue additional 
testing to obtain a diagnosis. Finally, a patient may be 
lost to follow-up prior to completion of diagnostic eval-
uation, ending the path. The end point of all diagnos-
tic paths is the point at which diagnostic evaluation is 
no longer taking place, regardless of whether a correct 
diagnosis is achieved. For practical purposes, if a pre-
specified time period has passed (e.g. 12  months) with 
continuing evaluation but no precise diagnosis, the path 
may be labeled “no diagnosis obtained” or “ongoing 
without diagnosis.”

Diagnostic paths and EHRs

Data extraction

EHRs provide a useful opportunity to study diagnos-
tic paths. It is possible to study the records of a large 
number of patients within a single institution or across 
institutions, as clinical data research networks (CDRNs) 
have demonstrated [14]. Standards for data confiden-
tiality and sharing have been established [15]. Much 
of the data within EHRs is entered in structured fields 
and can then be systematically extracted and analyzed. 
These include, in many cases, fields for chief complaint/
reason for visit and specific actions related to diagnosis 
such as laboratory and imaging test orders, referrals, 
prescriptions, procedures, follow-up arrangements, and 
recorded diagnoses. These specific actions are accom-
panied by a time stamp, making it possible to accurately 
place specific steps along a diagnostic path. Given the 
size of CDRNs, the paths of thousands of similar patients 
presenting, for example, with abdominal pain can be 
extracted and analyzed to identify patterns of diagnos-
tic practices.

Diagnostic practices can be grouped or divided into 
any number of available categories or individual steps 
but the most helpful level is likely to be one most likely 
to meaningfully influence downstream diagnostic deci-
sions, diagnoses rendered, or diagnostic outcomes. For 
example, for dizziness, one might define all neuroimag-
ing as a single event type (CT, MRI, and all variations); 
alternatively, one might subdivide neuroimaging into 
every imaginable subtype (MRI brain vs. MRI brain with 
MR angiography vs. MRI brain with contrast-enhanced 
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Figure 1: Sample diagnostic path.
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angiography of the head vs. MRI brain with contrast-
enhanced angiography of the head and neck, etc.). It is 
likely that the correct level of granularity is somewhere 
in between. For dizziness, given that CT and MRI have 
radically different sensitivities for diagnosing stroke, 
the appropriate breakdown is probably in distinguish-
ing CT from MRI, but not separating every subtype of 
each [16].

Analyzing diagnostic paths

Drawing meaningful inferences from diagnostic paths is 
a three step process: first, complete diagnostic paths for 
individual patients for specific symptoms such as abdomi-
nal pain or dizziness should be systematically identified 
for a very large patient sample. Second, similarities and 
differences among diagnostic paths should be identified, 
taking into consideration a wide variety of factors such as 
major demographic characteristics (e.g. age), and avail-
ability of diagnostic resources. Finally, diagnostic paths 
and specific steps within them should be analyzed to 
determine their impact on important outcomes such as 
diagnostic accuracy, timeliness of diagnosis, and overall 
cost of diagnostic evaluation. For example, for adults pre-
senting with nonspecific abdominal pain, a strategy of 
a trial of proton pump inhibitor and making a diagnosis 
of gastroesophageal reflux disease based on a positive 
response may be associated with more timely diagnosis 
and lower overall cost but lower accuracy than initial 
referral for endoscopy.

Our preliminary work included conceptualizing diag-
nostic paths, operationalizing definitions, and success-
fully applying the concept to a small data set of patients 
with abdominal pain [17]. To be useful and serve as a 
potential source of guidance for clinicians, however, we 
must be able to identify and analyze diagnostic paths on 
a much larger scale. This requires both large data sets (we 
estimate >100,000 patients) and techniques for automat-
ing analysis of these large data sets to identify patterns 
and draw inferences.

A purely numerical approach to large-scale analysis of 
diagnostic paths could be useful to identify some impor-
tant outcomes such as mean path duration or total cost 
of diagnostic evaluation. However, much more powerful 
inferences are likely to come from the emerging science 
of visual analytics [18] to generate visual representations 
of diagnostic paths, which are useful to researchers, cli-
nicians, and patients to more easily identify specific 
diagnostic patterns, as has been done previously for treat-
ments. Prior work in visualization of treatment patterns 

for specific illnesses can adopted for visualizing diagnos-
tic paths [19].

Challenges in extracting and diagnostic 
paths from EHRs

Missing information

Although large clinical data sets may someday be much 
more robust, it is clear that some sources of practice vari-
ation will be difficult to ascertain from current EHR or 
CDRN data. Principal problems include inconsistently 
coded predictors and incomplete ascertainment of diag-
nostic outcomes. Contextual factors (e.g. seasonal varia-
tion of specific illnesses such as influenza) are also likely 
to be missing from records and may also influence diag-
nostic paths. Most of these issues can be at least partially 
managed through careful analysis, and random variation 
is routinely surmountable through use of larger data sets.

Structured bedside history and exam data are often 
missing or not reliably coded. This is in contrast to labo-
ratory and imaging data, which are generally highly con-
served across encounters, providers, and institutions. 
If diagnostic paths are optimally informed by bedside 
diagnostic practices and the resulting clinical informa-
tion (rather than test ordering), a simple analysis of avail-
able lab and imaging data may prove inadequate. In such 
cases, free text searches or natural language processing 
may be necessary to achieve optimal path analysis results. 
For example, the words “no rebound” could be assumed 
to reflect palpation of the abdomen as a diagnostic 
maneuver. Patients’ ability to communicate undoubtedly 
influences clinical evaluation and diagnostic paths and 
is difficult to capture. Some elements of communication, 
such as “preferred language” may be included in struc-
tured fields and can be used to stratify patients for analy-
sis of diagnostic paths.

Encounters relevant to the presenting problem may 
not be captured in the data set being analyzed because 
they take place in an outside health system. This is a 
common problem when patients do not have a usual 
source of care. Systematic follow-up data from regional 
health information exchanges could help mitigate this 
problem.

Attribution

Accurate attribution of specific diagnostic steps to the 
presenting problem is essential for identifying accurate 
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diagnostic paths. In many cases, assumptions about 
attribution are easy. For example, a referral to gastroen-
terology can be attributed to the presenting problem of 
nonspecific abdominal pain. In other cases, attribution 
is more challenging. For example, a patient may have a 
primary presenting problem of abdominal pain, but may 
also have a longstanding history of anemia of chronic 
disease. If a hemoglobin level is ordered, is this intended 
to diagnose associated gastrointestinal bleeding or to 
monitor established anemia? In some EHR data sources, a 
clear linkage to diagnosis is not available. Although indi-
vidual instances of attribution may be uncertain, when 
averaged across thousands of patients, the impact of such 
random effects will be minimized.

Scale

The ability to construct and analyze diagnostic paths 
for thousands of patients is certainly a great advance in 
identifying patterns associated with more timely and 
accurate diagnosis and lower cost of diagnostic evalua-
tion. However, on such a large scale, even relatively small 
differences in path characteristics or outcomes are likely 
to be statistically significant and should be interpreted 
cautiously. For example, in diagnostic evaluation for 
abdominal pain, paths that encompass early referral to a 
gastroenterologist may lead to a diagnosis that is estab-
lished on average 1 day earlier than those which do not 
include early referral, a difference that may be statisti-
cally significant when thousands of diagnostic paths are 
analyzed. But this difference should also be interpreted in 
the context of clinical meaningfulness, cost, availability 
of resources, etc.

Intrinsic limitations of documentation

Diagnostic paths from structured EHR fields are sum-
maries of diagnostic actions and may not accurately or 
completely reflect a clinician’s diagnostic reasoning. If a 
patient with abdominal pain, for example, is prescribed 
an anti-reflux medication and a physician records gastro-
esophageal reflux disease in the record, has the physician 
concluded her diagnostic process or is the medication 
an empiric trial, the response to which will guide further 
diagnostic evaluation? It is simply not possible to know 
from structured EHR data. Also, diagnostic encounters 
may be systematically “up-coded” to maximize payment, 
which can introduce bias into outcome assessment. For 
example, although a clinician is still investigating a com-
plaint of undifferentiated abdominal pain, she may record 

a precise diagnosis in the record, as recording a symptom 
(e.g. “abdominal pain”) may compromise payment for her 
services.

Finally, as diagnostic paths are derived from observa-
tional data, identifying the “best” among them, meaning 
those associated with more timely and accurate diagnosis, 
may not actually represent the optimal approach to diag-
nosis but simply the best approaches among those being 
practiced.

Conclusions
The National Academy of Medicine’s report Improving 
Diagnosis in Healthcare recommends that health care 
organizations should “monitor the diagnostic process and 
identify, learn from and reduce diagnostic errors” and 
“implement procedures and practices to provide systematic 
feedback on diagnostic performance” [2]. Current tools do 
not provide the means to accomplish these goals, and new 
tools are needed if substantial progress is to be made. Devel-
opment of a robust, automated methodology for studying 
diagnostic paths for a broad range of diagnostic problems 
creates the promise of a quality improvement tool that can 
address the NAM’s recommendation directly. Limitations in 
existing EHR data sets that risk bias or random variation 
can be addressed through careful analysis, larger data sets, 
or future enhancements to data collection methods. The 
ability to understand and glean insights from diagnostic 
practice variation across multiple settings could be trans-
formational for improving medical diagnosis.
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