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Abstract
The ideal radiology report reduces diagnostic uncertainty, while avoiding ambiguity whenever possible. The purpose of this
study was to characterize the use of uncertainty terms in radiology reports at a single institution and compare the use of these
terms across imaging modalities, anatomic sections, patient characteristics, and radiologist characteristics. We hypothesized that
there would be variability among radiologists and between subspecialities within radiology regarding the use of uncertainty terms
and that the length of the impression of a report would be a predictor of use of uncertainty terms. Finally, we hypothesized that use
of uncertainty terms would often be interpreted by human readers as “hedging.” To test these hypotheses, we applied a natural
language processing (NLP) algorithm to assess and count the number of uncertainty terms within radiology reports. An algorithm
was created to detect usage of a published set of uncertainty terms. All 642,569 radiology report impressions from 171 reporting
radiologists were collected from 2011 through 2015. For validation, two radiologists without knowledge of the software algo-
rithm reviewed report impressions and were asked to determine whether the report was “uncertain” or “hedging.” The relation-
ship between the presence of 1 or more uncertainty terms and the human readers’ assessment was compared. There were
significant differences in the proportion of reports containing uncertainty terms across patient admission status and across
anatomic imaging subsections. Reports with uncertainty were significantly longer than those without, although report length
was not significantly different between subspecialities or modalities. There were no significant differences in rates of uncertainty
when comparing the experience of the attending radiologist.When compared with reader 1 as a gold standard, accuracywas 0.91,
sensitivity was 0.92, specificity was 0.9, and precision was 0.88, with an F1-score of 0.9.When compared with reader 2, accuracy
was 0.84, sensitivity was 0.88, specificity was 0.82, and precision was 0.68, with an F1-score of 0.77. Substantial variability
exists among radiologists and subspecialities regarding the use of uncertainty terms, and this variability cannot be explained by
years of radiologist experience or differences in proportions of specific modalities. Furthermore, detection of uncertainty terms
demonstrates good test characteristics for predicting human readers’ assessment of uncertainty.
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Background

Despite continued advances in medical knowledge, risk,
uncertainty, and ambiguity remain a lasting part of med-
ical practice [1]. Risk refers to events with known prob-
ability [2], while ambiguity deals with those events with
unknown probability. Uncertainty usually refers to both
risk and ambiguity [3]. The radiology report communi-
cates the certainty or doubtfulness of particular diagnoses
pertaining to the clinical question. Radiologists must ef-
fectively communicate risk and ambiguity as an essential
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part of their work. Yet in practice, the manner in which
uncertainty (risk and ambiguity) is communicated in re-
ports varies significantly among radiologists [4, 5].
Radiologists’ reports have been shown to reflect their
comfort/discomfort with uncertainty [6].

On the other hand, studies have shown that clinicians prefer
reports which are certain and unambiguous [7–10]. Furthermore,
clinicians often interpret the language of uncertainty in different
ways [4]. Ambiguous language in radiology reports can lead to
poor patient care [11, 12]. These data have buttressed warnings
against excessive hedging [13] and have led institutions (and
specialties) to create standardized lexicons [8, 14, 15].

However, there are inherent limitations to all diagnostic
tests which must be conveyed. Failure to effectively commu-
nicate uncertainty (including differential diagnoses) can also
lead to poor care and litigation [16].

It is now possible to measure the use of uncertainty
terms among radiologists. The digitization of radiology
reporting in the last two decades has allowed for the eval-
uation of large databases of archived reports. Algorithms
for analyzing unstructured radiology reports, also known
as natural language processing (NLP), have been used to
analyze large numbers of reports for increasingly abstract
concepts. An NLP algorithm was used in 2002 to analyze
a large number of chest radiograph reports and acquire
statistics such as sidedness of pathology [17]. Several
studies have sought to develop search engines for radiol-
ogy reports that can return reports with certain keywords
and build teaching file databases automatically [18].
Extensive work has also been done to detect the presence
and type of follow-up imaging recommendations [19, 20].

As a first step toward understanding how radiologists re-
port uncertainty, whether variability in reporting does indeed
exist, and the context of such variability, we wrote and vali-
dated an algorithm to automatically detect the use of uncer-
tainty terms in unstructured radiology reports.

We hypothesized that there would be substantial vari-
ability among radiologists and between subspecialities
within radiology regarding the use of uncertainty terms.
Additionally, we hypothesized that there would be differ-
ences in the use of hedging terms between patient admis-
sion status (inpatient, emergency, and outpatient). We ad-
ditionally hypothesized that the length of impression sec-
tion of a report would be a predictor of use of uncertainty
terms. Finally, we hypothesized that use of uncertainty
terms would often be interpreted by human readers as
“hedging.” To test these hypotheses, we applied a natural
language processing (NLP) algorithm to assess and count
the number of uncertainty terms within radiology reports
and to evaluate whether various features predict use of
uncertainty terms.

Methods

Data Collection

This retrospective analysis of radiology reports was approved
by the Committee on Human Research at our institution. No
patient identifiers were included in the analyzed reports.

In total, 642,569 radiology reports were collected from
a 5-year long period from 2011 through 2015 at a single
center at our institution. This center is an academic radi-
ology training site, with resident and fellow trainees
previewing studies, followed by a formal review with an
attending radiologist, who subsequently edits and signs
the final reports. Procedural dictations from all subspe-
cialt ies were excluded given their primary non-
diagnostic context. Breast imaging dictations were ex-
cluded given their standardized lexicon. There were no
nuclear medicine studies included, as the site does not
have a dedicated nuclear medicine service.

Software Development

Uncertainty is defined as a fact or condition that lacks firm
predictability or a condition of lacking certainty about a
matter or circumstance [21]. We define uncertainty detec-
tion as identification of words or phrases which confer
uncertainty to observations made by the radiologist. For
example, in the sentence “findings could represent pneu-
monia,” the adverb (and expression of uncertainty) “could”
modify the verb “represent,” conferring uncertainty to the
subject, “findings.”

Expressions of uncertainty can take the form of single
words or expressions, such as “cannot” or “can not,” provid-
ing a signal of uncertainty as in “cannot exclude pneumonia.”
Uncertainty can also manifest as a diagnostic differential, as in
“soft tissue stranding may be due to infection or inflamma-
tion.” Our program is implemented in both R and Python 2.7
and uses a regular expression approach to search report text
and returnmatches to a database of words and expressions that
convey uncertainty (Appendix Table 1). This database was
generated via a process whereby terms within published lex-
icons were entered into a keywords dictation search engine to
confirm their use by radiologists [22, 23].

Our NLP accepts unstructured report “Impressions” sec-
tions as input. The Heuristics are as follows: (1) eliminate all
statements not included explicitly in the “Findings” or
“Impression” section of the report (e.g., “I have personally
read the above report”), (2) tokenize the remaining text, and
(3) match and count words against the database of uncertainty
terms.
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Uncertainty Assessment—Statistical Analysis

We evaluated the proportion of reports including 1 or more un-
certainty terms, compared with those which contained no uncer-
tainty terms—our NLP output was thus dichotomized. Other
variables included imaging modality (CT, MRI, ultrasound, ra-
diography), the years of experience of the radiologist reading the
study, the admission status of the patient (inpatient vs outpatient
vs emergency), the subspecialty of the radiologist (abdominal,
chest, musculoskeletal, neuroradiology, and non-specialist/diag-
nostic), and the length (word count) of the impression.

To evaluate the effect of each variable on uncertainty term
usage, chi-square and Wilcoxon rank sum tests were used to
assess group differences. Multivariate logistic regression was al-
so performed including variables for subspecialty, admission sta-
tus, and word count. For each variable, the proportion of uncer-
tainty was represented on a bar plot along with the standard error
and 95% confidence interval. The level of significance was ad-
justed according to the Bonferroni correction for multiple com-
parisons based on a type I risk alpha = 0.05 (level of signifi-
cance = alpha/number of comparisons). Spearman’s correlation
was performed to assess the relationship of the frequency of
hedging and years of reader experience.

Software Validation

Two attending radiologists at our institution (JT, 6 years of
experience, and MK, 10 years of experience) who had no
knowledge of the NLP algorithm and were given no details
of how the NLP worked reviewed de-identified report impres-
sions. These “gold-standard” readers (one neuroradiologist,
one abdominal radiologist) were given very broad and basic
instructions—that is, to determine whether the reporting radi-
ologist was communicating uncertainty or hedging. Standard
classification metrics between the presence of 1 or more un-
certainty terms and the human readers’ assessment was calcu-
lated via the confusion matrix including accuracy, sensitivity
(or recall), specificity, precision, and F1-score.

Results

All 642,569 radiology report impressions from 171 reporting
attending radiologists were collected from the 5-year period
from 2011 through 2015. Of the 642,569 reports, 216,938
(33.8%) contained at least one uncertainty term. Of the
642,569 reports, 435,392 (67.8%) were from the general
radiography/diagnostic service, 76,407 (11.9%) neuroradiolo-
gy, 54,881 (8.5%) ultrasound, 42,883 (6.7%) abdominal,
24,258 (3.8%) chest, and 7752 (1.2%) musculoskeletal radi-
ology. The most frequent uncertainty terms were “likely,”
“could,” “versus,” “non-specific,” “suggestive”, and
“concerning” Fig. 1.

Proportion of Uncertain Reports by
Subspecialty/Section

The proportion of radiology reports utilizing uncertainty terms
across anatomic subspecialties was evaluated. Thoracic and ab-
dominal imaging reports demonstrated the greatest proportions
of uncertainty, with 55.0% and 54.1% of reports containing un-
certainty terms, respectively. Conversely, the reports of general
radiologists contained the fewest uncertainty terms, with 29.5%
of reports containing uncertainty terms. The differences in rates
of expressed uncertainty between each subspecialty were statis-
tically significant (p < 0.003), with the exception of neuroradiol-
ogy versus musculoskeletal imaging (34.3% vs 34.8%, p = 0.42)
and chest versus abdominal radiology (55.0% vs 54.1%, p =
0.13). Multivariate logistic regression demonstrated lowest sig-
nificant odds ratios for general diagnostic radiology (OR .78, CI
.76–.79, p < 2e-16), neuroradiology (OR .83, CI .82–.86, p < 2e-
16), ultrasound (OR .95, CI .93–.98, p < .0006), as well as mus-
culoskeletal (OR .89, CI .84–.93, p = 3.4e-6).

Proportion of Uncertain Reports by Patient Admission
Status

The proportion of radiology reports utilizing uncertainty terms
was analyzed based on the admission status of the patient (i.e.,

Fig. 1 Most frequently used uncertainty terms across all subspecialties,
modalities, and patient admission status. X-axis, number of times
individual uncertainty term appeared in the corpus of reports
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inpatient, outpatient, or emergency). Inpatient radiology re-
ports demonstrated the greatest proportion of expressed uncer-
tainty, with 40.3% of reports containing uncertainty terms.
Emergency room reports demonstrated uncertainty in 34.6%
of reports. Outpatient reports demonstrated the least uncertain-
ty, with 28.0% of reports containing uncertainty terms. The
differences in these proportions were statistically significant
(p < .017). However, in logistic regression, inpatient status
(odds ratio of 1.1) was not significant (Fig. 2).

Proportion of Uncertain Reports by Reader
Experience

The proportion of radiology reports utilizing uncertainty terms
was analyzed according to years of experience of the attending
radiologist who signed the report. At our hospital, there is a
substantial number of per diem and volunteer clinical faculty
who work infrequently. Therefore, in order to be most repre-
sentative of the practice of our center, readers who read less
than 1% of the total volume of reports were excluded from the
analysis: 20 readers remained. Within those readers, experi-
ence ranged from < 1 to 41 years. There was no statistically

significant correlation between rates of uncertainty and years
of experience (Spearman’s R = 0.19, p = 0.44).

Proportion of Uncertain Reports by Modality

In our hospital, all ultrasounds are read by our ultrasound section.
Radiographs are read by a mixture of fellows and attending ra-
diologists from all sections representing a non-specialized/diag-
nostic service. For this reason, proportionate differences in un-
certainty among these services are represented in the above data
on subspecialty/section. No significant differences in expressed
uncertainty were present between MRI and CT.

Relationship Between Report Length and Uncertainty

Rates of uncertainty were compared by word count of the
impression. The median word count of reports labeled as con-
taining uncertainty terms was 36 (IQR 30), compared with 28
(IQR 26) in reports that were not identified as expressing
uncertainty (p < 0.001). No differences in report length were
found for subspecialty or patient class. Odds ratio for report
length was significant, at 1.01 (CI 1.01–1.02, p < 2e-16).

Fig. 2 (a) Proportions of reports using uncertainty terms by imaging
subspecialty. (b) Proportion of reports using uncertainty terms by
patient admission status. (c) Proportions of imaging modalities present
for a given imaging subspecialty. Note that ultrasound and general

radiology (radiography) only read a single modality. (d) Left, histograms
of impression word length in reports deemed as expressing uncertainty
versus those not deemed uncertain. Right, violin plots illustrating similar
histograms of impression word length for each subspecialty
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Software Validity with Radiologist Evaluation

Two attending radiologists reviewed report impressions of 453
and 931 reports, respectively (a randomly acquired sample of
reports from the database), with 452 studies in common. For
reader 1, of 453 reports analyzed, 193 were identified as express-
ing uncertainty. For reader 2, of 931 reports analyzed, 287 were
identified as expressing uncertainty. Spearman’s correlation co-
efficient was calculated for evaluation of inter-reader variability,
withR= 0.68 (p= 8.1e-62). Joint probabilitywas calculated to be
0.84. Cohen’s kappa was calculated, k = 0.67.

The performance of the software was compared with each
reader independently. When compared with reader 1 as a gold
standard, accuracy was 0.91, sensitivity (or recall) was 0.92,
specificity was 0.9, and precision was 0.88, with an F1-score
of 0.9. When compared with reader 2, accuracy was 0.84,
sensitivity (or recall) was 0.88, specificity was 0.82, and pre-
cision was 0.68, with an F1-score of 0.77.

Discussion

Radiologists must effectively communicate uncertainty as an
essential part of their work. Unfortunately, terms used in radi-
ology reports to express diagnostic uncertainty have poor
agreement among physicians [5, 8]. In view of the association
between uncertainty and diagnostic variation, over-testing,
unnecessary surgery, increased hospitalization, and cost, some
authors have called for standardization of radiology terminol-
ogy [8, 24–26]. In this study, we sought to evaluate whether
variability in the use of uncertainty terms exists and the related
features associated with this differential use.

We find marked differences in the frequency of use of uncer-
tainty terms both at the level of subspecialty and the individual
radiologist. For example, musculoskeletal imaging demonstrated
the lowest rate of uncertainty, 34%, significantly lower than
chest, 55%. The odds ratios in multivariate regression were less
than 1 and significant for musculoskeletal, neuroradiology, ultra-
sound, and general diagnostic radiology as opposed to chest and
abdominal radiology (Fig. 3). And while true that longer reports
are more likely to contain uncertainty terms, no subspecialty
showed significant differences in report length. However, rather
than viewing uncertainty as a malfeasance variably committed
by some subspecialties, uncertainty may reflect a number of
factors ranging from the included pathologies, the nature of an-
atomic imaging, and the nearness and frequency of findings in
adjacent organs. In this light, uncertainty represents a substantial
opportunity to identify pathologies among radiology subspe-
cialties that may warrant dedicated lexica. This notion is support-
ed by the measured improvements in diagnostic accuracy subse-
quent to structured lexica such as BI-RADS, TI-RADs, and LI-
RADs [27, 28]. Additionally, some standardized lexica and

follow-up guidelines inherently contain terms of uncertainty
(e.g., the management of incidental pulmonary nodules) [29].

At the level of the individual, radiologists demonstrate
marked variability in individual use of uncertainty terms,
ranging from 20 to 55% of reports. This variability is not fully
explained by subspecialty affiliation given the variability even
within subspecialty.

Previous work has shown that natural language processing
algorithms can be used to analyze a large number of reports
for increasingly ambiguous and context-dependent concepts
[30, 31]. We developed the current NLP algorithm to primar-
ily address the lack of datasets including the use of uncertainty
terms in radiology [22]. However, we also hypothesized that
human readers use these terms to assess for uncertainty or
“hedging.” And while the words and phrases used by radiol-
ogists to communicate the likelihood of a diagnosis are often
misinterpreted by clinicians [4, 5, 7], we hypothesized that the
presence of uncertainty terms would predict humans readers’
assessment that uncertainty is being expressed. In this way, we
validated this program by assessing performance against hu-
man readers. We showed that the program detects uncertainty
with high levels of accuracy, sensitivity, and specificity. These
findings also lend support for simplified “uncertainty” lexi-
cons [8]. Additionally, the possibility remains that radiologists
can agree on the meaning and intent of ambiguous language
more than their clinician readers.

Several aspects of our gold-standard data bear mention. First,
it is not straightforward to define for all cases what represents
“uncertainty” in a radiology report, nor is their universal agree-
ment among radiologists in individual cases. However, many
authors have focused onminimizing so-called ambiguous “hedg-
ing” vocabulary [13, 32] in radiology reports. While researchers
have used sets of rules to define concepts such as “clinically
important” reports [33], we found this rule-based approach prob-
lematic. To instruct our gold-standard readers to look for the
“uncertainty” terms in our database would be equivalent to di-
vulging the crux of the algorithm—more akin to asking our gold-
standard readers to guess the output of the NLP. This would
inflate our NLP’s performance. Rather, we chose to define “un-
certainty”more nebulously, instructing our gold-standard readers
“to determine whether the radiologist is expressing uncertainty.”
This approach had the added benefit in revealing the inter-
radiologist agreement on the concept of uncertainty. That our
readers (in different subspecialties and reading across all subspe-
cialty radiology reports) showed agreement (k = .7) with such
vague instructions suggests that the concept of uncertainty is
more concrete than expected. Moreover, the success of our
approach—the use of regular expressions rather than more in-
volved NLP algorithms—supports the notion that uncertainty
vocabulary itself forms a working definition of the concept of
expressed uncertainty [32].

Several limitations must be mentioned. Despite the overall
large sample size, the participating radiologists represent a

1198 J Digit Imaging  (2020) 33:1194–1201



single-institution experience. It is important to view conclu-
sions in this context. That is to say, these findings require
demonstrations of reproducibility at other sites.

A strength of the current study is the inclusion of a suffi-
ciently large database (approximately 650,000 reports) across
a 5-year period to observe broad patterns. Our analysis also
demonstrates significant differences in uncertainty rates de-
pending on the admission status of patients. Whether a patient
was an inpatient, outpatient, or in the emergency room was
correlated with significant differences in rates of uncertainty.
Inpatients demonstrated the greatest rates of uncertainty,
followed by emergency room patients. Outpatient radiology
reports demonstrated the lowest rates of uncertainty. There are
several possible explanations for this finding. First, inpatients
in general are sicker, utilize more resources, and have more
comorbidities than outpatients [34]. All of these factors might
increase the likelihood that a radiologist would include uncer-
tainty language in a report. In fact, these uncertainty data mir-
ror imaging utilization rates comparing inpatient vs emergen-
cy room and outpatient visits [35]. Alternatively, radiologist
reporting may change with the specificity of the clinical his-
tory given; it is possible that inpatients generate more non-
specific requests for imaging.

We hypothesized that longer impression statements would
be associated with greater degrees of uncertainty, and indeed,
our data bears this out. In addition to increasing the likelihood
of the use of an uncertainty term, a longer impression statement

often reflects a careful explanation on the part of the radiologist,
where the diagnostic “answer” is not clear or succinct.

The level and depth of experience a radiologist brings to a
case impact the specificity of his/her reporting. Data from
mammography bears this out [36, 37]. We hypothesized that
years of radiologist experience would influence uncertainty
rates. Specifically, we calculated individual uncertainty rates
for attending radiologists (percentage of reports labeled as
uncertain) and do not find an association between years of
experience and reduced uncertainty rate.

In the context of clinical decision-making, aversion to risk
is a well-studied cognitive bias but has not been studied with
regard to individual radiologist reporting practices [38]. On
whole, these data suggest substantial heterogeneity with re-
gard to reporting uncertainty among radiologists. Simplified
“uncertainty” lexicons may address this variability. More so,
these data pose an important challenge and opportunity for
medical educators to articulate best practices. Future work
may measure the downstream effects of the variable use of
these terms.

Conclusion

We developed and validated an algorithm to detect the pres-
ence of uncertainty in radiology reports. Using this validated
tool, we analyzed large numbers of reports to better

Fig. 3 Multivariate regression
revealed statistically significant
odds ratios greater than 1 for
report word length and less than 1
for musculoskeletal,
neuroradiology, ultrasound, and
general diagnostic radiology as
opposed to chest and abdominal
radiology. Patient admission
status was not statistically
significant
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understand the variability in use of uncertainty terms among
radiologists. Future work may identify the factors that influ-
ence individual variability in the expression of uncertainty and
develop curricula to improve standardization.

Take-Home Points

& Avalidated NLP algorithm can accurately classify wheth-
er a radiology report expresses uncertainty.

& Substantial variability exists among radiologists, between
subspecialties, and across imaging modalities within radi-
ology regarding the communication of uncertainty.

& This data represents an approach to the study of when,
why, and how radiologists communicate uncertainty.
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