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ABSTRACT
Objective: To evaluate whether clinicians differ in how
they evaluate and interpret diagnostic test information.
Design: Systematic review.
Data sources: MEDLINE, EMBASE and PsycINFO
from inception to September 2013; bibliographies of
retrieved studies, experts and citation search of key
included studies.
Eligibility criteria for selecting studies: Primary
studies that provided information on the accuracy of
any diagnostic test (eg, sensitivity, specificity,
likelihood ratios) to health professionals and that
reported outcomes relating to their understanding of
information on or implications of test accuracy.
Results: We included 24 studies. 6 assessed ability to
define accuracy metrics: health professionals were less
likely to identify the correct definition of likelihood
ratios than of sensitivity and specificity. –25 studies
assessed Bayesian reasoning. Most assessed the
influence of a positive test result on the probability of
disease: they generally found health professionals’
estimation of post-test probability to be poor, with a
tendency to overestimation. 3 studies found that
approaches based on likelihood ratios resulted in more
accurate estimates of post-test probability than
approaches based on estimates of sensitivity and
specificity alone, while 3 found less accurate estimates.
5 studies found that presenting natural frequencies
rather than probabilities improved post-test probability
estimation and speed of calculations.
Conclusions: Commonly used measures of test
accuracy are poorly understood by health
professionals. Reporting test accuracy using natural
frequencies and visual aids may facilitate improved
understanding and better estimation of the post-test
probability of disease.

INTRODUCTION
Making a correct diagnosis is a prerequisite
for appropriate management.1 Probabilistic
reasoning is suggested to be a prominent
feature of diagnostic decision-making,2 3 but
the extent to which this is based on quantita-
tive revision of health professionals’ estimated

pretest probabilities, rather than intuitive jud-
gements, is not known.
Test accuracy can be summarised using a

range of measures derived from a 2×2 contin-
gency table (table 1). Measures that distin-
guish between the implications of a positive
test result (positive predictive value (PPV),
positive likelihood ratio (LR), specificity)
and a negative test result (negative predictive
value, negative LR, sensitivity) are more
useful for decision-making than global test
accuracy measures such as diagnostic ORs
and the area under the curve (AUC).4–6

Predictive values and LRs, which are applied
based on the test result, are believed to be
more clinically intuitive than sensitivity and
specificity, which are applied based on
disease status.7 8 The promotion of evidence-
based testing, including the use of LRs,8–10 is
based on the premise that formal probabilis-
tic reasoning is necessary for informed diag-
nostic decision-making.11 12 Such reasoning
requires use of Bayes’ theorem to revise the
pretest odds of disease, based on the test
result, to give the post-test odds of disease.13

There is a widespread belief that health
professionals and decision-makers have diffi-
culty understanding and applying test

Strengths and limitations of this study

▪ This is the first systematic review of health profes-
sionals’ understanding of diagnostic information.

▪ We conducted extensive literature searches in an
attempt to maximise retrieval of relevant studies.

▪ We did not perform a formal risk of bias assess-
ment as study designs included in the review
varied and most were single-group studies that
examined how well doctors could perform
certain calculations or understand pieces of diag-
nostic information. There is no accepted tool for
assessing the risk of bias in these types of study
and so we were unable to provide a formal
assessment of risk of bias in these studies.
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accuracy evidence.14 15 Difficulties are thought to arise
from the need to interpret conditional probabilities, and
the complex nature of probability revision. However, to
date there has been no systematic review of the literature
pertaining to clinician’s understanding of test accuracy
evidence. Here, we aimed to evaluate whether clinicians
differ in how they evaluate and interpret different diag-
nostic test information. The findings will be used to
provide recommendations about how the results of test
accuracy research should be presented in order to
promote evidence-based testing.

METHODS
We followed standard systematic review methods16 and
established a protocol for the review (available from the
authors on request).

Data sources
We searched MEDLINE, EMBASE and PsycINFO from
inception to September 2013. We combined terms for
measures of accuracy AND terms for communicating and

interpreting AND terms for health professionals (see web
appendix 1). Additional studies were identified by
screening the bibliographies of retrieved studies, con-
tacting experts and through a citation search of four key
included studies that is, identifying studies that had cited
these papers.17–20 Contacting experts involved present-
ing results at a national conference and obtaining litera-
ture passively through discussions with experts at
national and international conferences and meetings
concerned with test evaluation. No language or publica-
tion restrictions were applied.

Inclusion criteria
Primary studies of any design that provided information
on the accuracy of any diagnostic test (eg, sensitivity, spe-
cificity, LRs, predictive values, and receiver operator
characteristic (ROC) plots/curves) to health profes-
sionals (eg, doctors, nurses, physiotherapists, midwives),
or student health professionals, from any specialty and
that reported outcomes relating to their understanding
of test accuracy were eligible for inclusion. Studies were
screened for relevance independently by two reviewers;

Table 1 A 2×2 table showing the cross-classification of index test and reference standard results and overview of measures

of accuracy that can be calculated from these data*

True positives People with the target condition who have a positive test result TP

True negatives People without the target condition who have a negative test

result

TN

False positives People without the target condition who have a positive test

result

FP

False negatives People with the target condition who have a negative test result FN

Sensitivity Proportion of patients with the target condition who have a

positive test result

TP/(TP+FN)

Specificity Proportion of patients without the target condition who have a

negative test result

TN/(FP+TN)

Positive predictive

value (PPV)

Probability that a patient with a positive test result has the target

condition

TP/(TP+FP)

Negative predictive

value (NPV)

Probability that a patient with a negative test result does not have

the target condition

TN/(FN+TN)

Prevalence The proportion of patients in the whole study population who

have the target condition

(TP+FN)/(TP+FP+FN+TN)

Positive likelihood

ratio (LR+)

The number of times more likely a person with the target

condition is to have a positive test result compared with a person

without the target condition

(TP/(TP+FN))/(FP/(FP+TN)) or

sensitivity/(1−specificity)

Negative likelihood

ratio (LR−)
The number of times more likely a person with the target

condition is to have a negative test result compared with a

person without the target condition

(FN/(TP+FN))/(TN/(FP+TN)) or

(1−sensitivity)/specificity

*Adapted from Whiting P, Martin RM, Ben-Shlomo Y, et al. How to apply the results of a research paper on diagnosis to your patient. JRSM
Short Reports 2013;4:7.
FN, False negatives; TP, true positives.
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disagreements were resolved through consensus.
Full-text articles of studies considered potentially rele-
vant were assessed for inclusion by one reviewer and
checked by a second.

Data extraction
Data extraction was carried out by one reviewer and
checked by a second using a standardised form. Study
quality was not formally assessed due to a lack of any
agreed tools for studies of this type.

Synthesis
We combined results using a narrative synthesis due to het-
erogeneity between studies in terms of design, type of
health professionals and measures of accuracy investi-
gated, making a quantitative summary (meta-analysis)
inappropriate. We grouped studies according to their
objective: (1) accuracy definition (ability to define mea-
sures of accuracy); (2) self-reported understanding
(doctors self-rating of their understanding or use of accur-
acy measures); (3) assess Bayesian reasoning (combining
data on the pretest probability of disease with accuracy
measures to obtain information on the post-test probability
of disease) and (4) presentation format (impact of pre-
senting accuracy data as frequencies rather than probabil-
ities). Groupings were defined based on the data.

RESULTS
The searches identified 4808 records of which 24 studies
reported in 28 publications17 19–45 were included in the
review (figure 1). Table 2 presents a summary of the
included studies, grouped according to objective;
further details are provided in web appendix 2. The
majority of studies investigated health professionals

understanding of sensitivity and specificity (or false-
positive rate), six studies assessed LRs and two studies
assessed other measures such as graphical displays. Only
one study assessed a global measure of accuracy, the
ROC curve, this was a study of doctors’ self-reported
understanding. Box 1 provides examples of some of the
types of scenario used in the included studies.

Self-reported understanding: How do doctors self-rate
their understanding or use of accuracy measures?
Two studies assessed doctors self-report of their under-
standing or use of diagnostic information.41 45 One
study, which also contributed information on doctors’
ability to define measures of accuracy, found that 13/50
general practitioners (GPs) self-reported understanding
of the definitions of sensitivity, specificity and PPV.45

However, when interviewed only one could define any
measures of accuracy, suggesting that GPs self-rating of
understanding overestimates their ability. A second study
found that although 82% of doctors interviewed
reported using sensitivity and specificity only 58% actu-
ally used information on sensitivity and specificity when
interpreting test results and <1% reported being familiar
with and using ROC curves or LRs.41

Accuracy definition: “Can health professionals define
measures of accuracy?”
Six single-group studies assessed health professionals’
understanding of the definition of measures of accur-
acy.20 21 23 24 30 45 Four studies asked doctors to identify
correct definitions of sensitivity and specificity, three
using multiple choice questionnaires and one based on
information provided in a research study. The propor-
tion of doctors who correctly identified sensitivity

Figure 1 Flow of studies

through the review process.
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ranged from 76% to 88%, the proportion who correctly
identified specificity ranged from 80% to 88%.20 23 24 30

LRs and predictive values were generally less well under-
stood. One study comparing sensitivity, specificity and LRs
found only 17% of healthcare professionals could define
LR+ compared with 76% sensitivity and 80% specificity.30

One study found that PPV was less well understood com-
pared with sensitivity (sensitivity 76%, PPV 61%).20 A study
that interviewed GPs to elicit their definitions of various
accuracy parameters found that only 1/13 could define
PPV, 1/13 could define some aspects of sensitivity and
0/13 could define specificity.45 One study compared
health professionals’ ability to define sensitivity, specificity,
predictive values and LRs. Health professionals were less
able to define predictive values and LRs compared with

sensitivity and specificity.21 A final study, that involved
asking participants to identify definitions based on a 2×2
table, reported that practicing physicians were less able to
select correct definitions of sensitivity and specificity com-
pared with medical students and research doctors but
exact values were not reported.24

Bayesian reasoning: “How well can health professionals
combine data on pre-test probability and test accuracy to
obtain information on the post-test probability of disease?”
Twenty-two studies assessed whether health professionals
could combine information on prevalence with data on
sensitivity and specificity (or false-positive rate) to calcu-
late the post-test probability of disease.17 19 20 22–32 36–42 44

Nine studies used the terms ‘sensitivity’, ‘specificity’, or

Table 2 Summary of included studies

Total

Self-rating of

understanding

Accuracy

definition

Bayesian

reasoning

Presentation

format

Number of studies 24 2 6 22 5

Study design

Single group 17 2 6 14 1

RCT 6 0 0 6 3

Multiple groups, unclear

allocation

2 0 0 2 1

Participants

Medical students 6 0 2 6 1

Mixed physicians 17 2 3 15 2

Single specialty 8 0 3 7 3

Other 4 0 0 4 1

How was the diagnostic information presented?

Vignette/case study 6 0 0 6 2

Population scenario 13 0 1 12 3

Simulated patient 3 0 0 2 0

2×2 table 0 0 2 0 0

Research study extract 1 0 1 1 0

No information/unclear 3 2 2 2 0

How was understanding assessed?

Questionnaire (multiple choice) 7 0 3 7 0

Questionnaire (open ended) 16 0 2 15 5

Interview 5 2 1 3 1

Unclear 1 0 0 1 0

Type of scenario

Fictitious 7 0 2 7 0

Real life 16 0 2 15 5

Unclear 1 0 1 0 0

None 1 2 1 1 0

Measure of test accuracy assessed

Sensitivity 22 2 6 20 4

Specificity/FPR 24 2 5 22 4

LR+ 5 1 2 5 0

LR− 2 1 0 2 0

LR categories 1 0 0 1 0

Graphical display 2 0 0 2 1

PPV 21 1 3 19 3

NPV 6 0 1 6 1

ROC 1 1 0 0 0

FPR, false positive rate; LR−, negative likelihood ratio; LR+, positive likelihood ratio; NPV, negative predictive value; PPV, positive predictive
value; RCT, randomised controlled trial; ROC, receiver operating characteristic.
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‘false-positive rate’, seven provided a text description
equivalent to these terms, one used both39 and in five it
was unclear whether terms or test descriptions were pro-
vided.27 29 36–38

Post-test estimation of probability was generally poor
with a tendency to overestimation; only two studies found
some evidence of successful application of Bayesian rea-
soning.39 40 Thirteen studies provided data on the propor-
tion of participants who correctly estimated the post-test
probability of disease when provided with data on sensitiv-
ity and specificity (or false-positive rate) and the pretest
probability of disease.17 19 20 23–27 30 32 42 44 46 This varied
from 0% to 61%, but the proportion of study participants
who did not respond was between <1% and 40%.

Comparison of effects of positive and negative test results
on Bayesian reasoning
Fourteen studies provided test accuracy information to
help with interpretation of a positive test result, one study
provided information for a negative test result,42 and five
provided information for both a positive and a negative
test result.27 36 37 39 40 In one study it was unclear whether
the test result provided should be interpreted as positive
or negative23 and in one study participants were ques-
tioned on how they interpreted test results in general.41

Most participants overestimated the post-test probability
of disease given a positive test result; where reported
(4 studies) overestimates ranged between 46 and 73%.
Two studies found that post-test probabilities were poorly

Box 1 Example of population based scenarios and clinical vignettes

Self-rating of understanding:41

QUESTIONS USED IN TELEPHONE SURVEY
1. Some authorities recommend that diagnostic decisions be made first by obtaining a test’s sensitivity and specificity, estimating the

prevalence of disease (in the patient under evaluation), then calculating a positive or negative predictive value. Do you perform these
calculations when you make diagnostic decisions? If no, can you tell me why you do not do them?

2. Many authorities recommend that we use receiver operator characteristic (ROC) curves to set test thresholds before making diagnostic
decisions. Do you use ROC curves? If no, why not?

3. Another recommendation is to use test likelihood ratios for certain diagnostic calculations. Do you use likelihood ratios before ordering
tests or when interpreting test results? If no, why not?

4. Do you use test sensitivity and specificity values when you order tests or interpret test results? (For positive responses) Can you tell
me in what way you use them?

5. When you use sensitivity and specificity, where do you get your values from?
6. Do you prefer to use published values for sensitivity and specificity, or values based on your clinical experience with the test?
7. Do you use positive and negative predictive accuracies when you interpret test results?
8. Do you use any other methods to help you determine the effectiveness, or accuracy of the tests you use in practice?
9. During your medical training either in medical school, residency, or perhaps fellowship training, did you participate in any formal edu-

cational activities to teach you how to use test sensitivity, specificity, or likelihood ratios?
10. Since finishing your medical training have you participated in any formal educational activities such as seminars, workshops, or CME

courses designed to teach you how to use test sensitivity and specificity or likelihood ratios?
Accuracy definition:40

The sensitivity of a test is: Please check the correct answer
the percentage of false positive test results………………………………………..
the percentage of false negative test results………………………………………..
the percentage of persons with disease having a positive test result……………

the percentage of persons without the disease having a negative test result…
Population based scenario: Bayesian reasoning and presentation format33

Probability format
The probability that one of these women has breast cancer is 1%. If a woman has breast cancer, the probability is 80% that she will have a
positive mammography test. If a woman does not have breast cancer, the probability is 10% that she will still have a positive mammography
test.
Frequency format
Ten out of every 1,000 women have breast cancer. Of these 10 women with breast cancer, 8 will have a positive mammography test. Out of
the remaining 990 women without breast cancer, 99 will still have a positive mammography test
Bayesian reasoning: vignette/case study39

Typical angina chest pain: A 55year old man presented to your office with a 4 week history of sub-sternal pressure-like chest pain. The chest
pain is induced by exertion, such as climbing stairs, and relieved by 3–5 minutes of rest. It sometimes radiated to the throat, left shoulder,
down the arm.
1. Do you understand about the idea of sensitivity, specificity, pre-test probability, post-test probability (Yes/No)
2. What is the sensitivity of the exercise stress test?
3. What is the specificity of the exercise stress test?
4. What is the probability that this patient has significant coronary artery disease?
5. What is the probability that this patient has significant coronary artery disease if the exercise stress test is positive?
6. What is the probability that this patient has significant coronary artery disease if the exercise stress test is negative?
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estimated for positive and negative test results.37 40 One
study found that correct reasoning was applied for posi-
tive test results but that post-test probability was poorly
estimated for negative test results.39 One study found that
although the post-test probability was consistently overes-
timated for a positive test result, estimates were correct
for negative test results.36 The study that assessed inter-
pretation of a negative test result only found that 56% of
participants estimated post-test probability of disease as
higher than pretest probability (ie, estimate moved in the
wrong direction).42

Comparison of summary metrics for Bayesian reasoning
Six studies assessed the effects of providing test accuracy
information using LRs (LRs),20 27 30 38 40 44 only two of
these studies provided information on the positive LR
(LR+) and the negative LR (LR−).27 40 Three studies pro-
vided a text description rather than using the term ‘likeli-
hood ratio’,30 40 44 and in one study a categorical
approach based on the LR was used (‘quite useless’,
‘weak’, ‘good’, ‘strong’, or ‘very strong’).38 Two studies
included an additional scenario in which the LR informa-
tion was provided graphically—one provided the infor-
mation as a probability modifying plot,44 the other as a
graphic featuring five circles in a row in which an increas-
ing number of circles were coloured black to correspond
with increasing positive LRs or decreasing negative LRs.40

Two studies demonstrated less correct responses for
post-test probability estimation with LRs (described in
words in one and numerical in the other) compared
with sensitivity and specificity presented numerically.27 30

One study demonstrated similarly poor post-test prob-
ability estimation for LRs (described in words) com-
pared with sensitivity and specificity (presented
numerically).40 Two studies demonstrated more correct
responses for post-test probability estimation with LRs
(described in words or using the categorical approach)
compared with sensitivity and specificity presented
numerically.20 38 44 Two studies found that graphical
presentation of LRs improved post-test probability esti-
mation compared with LRs described in words or sensi-
tivity and specificity presented numerically.40 44

The effect of clinical experience, profession and academic
training on Bayesian reasoning
Two studies found no effect of experience (medical stu-
dents vs qualified doctors) on Bayesian reasoning,17 28

and a further study found no influence of age.44 One
study found that a greater proportion of newly qualified
doctors were more accurate in their estimation of
post-test probability (29%) compared with more experi-
enced doctors with or without an academic affiliation
(15%).42 Two studies demonstrated that research experi-
ence improved doctors’ ability to correctly estimate
post-test probability.24 25 One study found that midwives
were less likely than obstetricians to correctly estimate
post-test probability of disease.26

Presentation format: “Does presenting accuracy data as
frequencies and using graphic aids improve understanding
compared to presenting results as probabilities?”
Five studies (3 randomised controlled trials (RCTs), 1
two-group study, and 1 single-group study) found that
post-test probability estimation was more accurate when
accuracydatawerepresented as natural frequencies19 26 31 32

than as probabilities (see box 1 for example).42 Natural
frequencies are joint frequencies of two events, for
example the number of women who test positive and who
have breast cancer. The same information presented as a
probability would just present the probability that a
woman with breast cancer has a positive test result (sensi-
tivity), usually expressed as a percentage.47

Two studies19 32 also found that health professionals
spent an average of 25% more time assessing the scen-
arios based on a probability format compared with a
natural frequency format. One RCT demonstrated that
presenting test accuracy information as natural frequen-
cies with graphical aids resulted in the highest proportion
of correct post-test probability estimates (73%) compared
with probabilities with graphical aids (68%), natural fre-
quencies alone (48%) or probabilities alone (23%).31

DISCUSSION
Statement of principal findings
This review suggests that summary test accuracy measures,
including sensitivity and specificity are not well under-
stood. Although health professionals are able to select the
correct definitions of sensitivity and specificity and to a
lesser extent predictive values when presented with a
series of options, they are less able to verbalise the defini-
tions themselves. LRs are least well understood, although
this may reflect a lack of familiarity with these measures
rather than suggesting that they are less comprehensible.
Few studies found evidence of successful application of
Bayesian reasoning: most studies suggested that post-test
probability estimation is poor with wide variability and a
tendency to overestimation for both positive and negative
test results. There was some evidence that post-test prob-
ability estimation is poorer for negative than positive test
results, although few studies assessed the impact of nega-
tive test results. The impact of LRs on estimation of
post-test probability is unclear. Presenting data as natural
frequencies rather than as probabilities improved post-test
probability estimation and also the speed of calculations.
The use of visual aids to present information (both on
probabilities and natural frequencies) was found to
further improve post-test probability estimation, although
this was based on a single study. No study investigated
understanding of other test accuracy metrics such as ROC
curves, AUC and forest plots.

Explanation of findings
Difficulty in interpreting summary test accuracy mea-
sures is likely to be related to their complexity.
Summary test accuracy statistics used to describe test
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performance (eg, sensitivity and specificity and positive
and negative predictive values) are conditional prob-
abilities and misinterpretation as evidenced in this
review is proposed to be a function of confusion over
the subgroup of study participants the measures refer
to. For example, the subgroup may be those with or
without disease (sensitivity and specificity), or those
with positive or with negative test results (positive and
negative predictive values).
Our finding that presenting probabilities as frequen-

cies may facilitate probability revision by healthcare pro-
fessionals mirrors the findings of research carried out in
the psychological literature.18 48 49 Research in the psy-
chological literature has also shown that individuals are
often conservative when asked to estimate probability
revisions based on Bayes’ theorem. However, this has
been shown only to be the case for information having
reasonably high diagnostic value. For information with
the least diagnostic value, participants are generally
more extreme than would be expected based on Bayes’
theorem.50 This is consistent with our findings where
most examples presented combinations of low pretest
probabilities of disease or values of sensitivity and speci-
ficity that were not sufficiently high for ruling in or
ruling out disease. The findings of this review are
important for those attempting to facilitate the integra-
tion of test accuracy evidence into diagnostic decision-
making. Indeed qualitative research conducted recently
suggests that interpretation of findings of systematic
reviews of test accuracy by decision-makers is poor.51

Strengths and weaknesses
To the best of our knowledge, this is the first systematic
review of health professionals’ understanding of diagnos-
tic information. We conducted extensive literature
searches in an attempt to maximise retrieval of relevant
studies. However, a potential limitation of our review is
that the search was conducted in September 2013 and
so any recently published articles will not have been cap-
tured. The possibility of publication bias remains a
potential problem for all systematic reviews. Publication
bias was not formally assessed in this review because
there is no reliable method of assessing publication bias
when studies report a variety of outcomes in different
formats. However, the potential impact of publication
bias is likely to be less for these types of studies where
there is no clear ‘positive’ finding than for RCTs of treat-
ment effects which may be more likely to be published if
a positive association between the treatment and out-
comes is demonstrated. Study quality assessment is an
important component of a systematic review. For this
review we did not perform a formal risk of bias assess-
ment as study designs included in the review varied and,
although we included some RCTs, most were single-
group studies that examined how well doctors could
perform certain calculations or understand pieces of
diagnostic information. There is no accepted tool for
assessing the risk of bias in these types of study and so

we were unable to provide a formal assessment of risk of
bias in these studies.

Conclusions and implications for practice, policy and
future research
Perhaps the more important finding of this review is the
lack of understanding of test accuracy measures by
health professionals. This review suggests that presenting
probabilities as frequencies may improve understanding
of test accuracy information and this has been embraced
by both the Cochrane Collaboration52 and GRADE.53

Further research is needed to capture the needs of
healthcare professionals, policymakers and guideline
developers with respect to presentation of test accuracy
evidence for diagnostic decision-making and how this
may actually influence disease management especially as
regards initiating or withholding treatment.

Author affiliations
1School of Social and Community Medicine, University of Bristol, Bristol, UK
2The National Institute for Health Research Collaboration for Leadership in
Applied Health Research and Care West at University Hospitals Bristol NHS
Foundation Trust
3Unit of Public Health, Epidemiology and Biostatistics, School of Health and
Population Sciences, College of Medical and Dental Sciences, University of
Birmingham, Edgbaston, Birmingham, UK
4Peninsula Technology Assessment Group, Peninsula College of Medicine &
Dentistry, Exeter, UK

Contributors PFW and CD contributed to the conception and design of the
study, analysis and interpretation of data, and drafting of the manuscript.
JACS, CH and YB-S contributed to the conception and design of the review.
CJ acted as second reviewer performing inclusion assessment and data
extraction. MB conducted the literature searches. All authors commented on
drafts of the manuscript and gave final approval of the version to be
published. PFW is the guarantor.

Funding This work was partially funded by the UK Medical Research Council
(Grant Code G0801405).

Competing interests None declared.

Provenance and peer review Not commissioned; externally peer reviewed.

Data sharing statement No additional data are available.

Open Access This is an Open Access article distributed in accordance with
the terms of the Creative Commons Attribution (CC BY 4.0) license, which
permits others to distribute, remix, adapt and build upon this work, for
commercial use, provided the original work is properly cited. See: http://
creativecommons.org/licenses/by/4.0/

REFERENCES
1. Kostopoulou O, Oudhoff J, Nath R, et al. Predictors of diagnostic

accuracy and safe management in difficult diagnostic problems in
family medicine. Med Decis Making 2008;28:668–80.

2. Heneghan C, Glasziou P, Thompson M, et al. Diagnostic strategies
used in primary care. BMJ 2009;338:b946.

3. Eddy D, Clanton C. The art of diagnosis: solving and
clinicopathological exercise. In: Dowie J, Elstein A, eds. Professional
judgment: a reader in clinical decision making. Cambridge:
Cambridge University Press, 1988:200–11.

4. Falk G, Fahey T. Clinical prediction rules. BMJ 2009;339:b2899.
5. Knottnerus JA. Interpretation of diagnostic data: an unexplored field

in general practice. J R Coll Gen Pract 1985;35:270–4.
6. Stengel D, Bauwens K, Sehouli J, et al. A likelihood ratio approach to

meta-analysis of diagnostic studies. J Med Screen 2003;10:47–51.
7. Moons KG, Harrell FE. Sensitivity and specificity should be

de-emphasized in diagnostic accuracy studies. Acad Radiol
2003;10:670–2.

Whiting PF, et al. BMJ Open 2015;5:e008155. doi:10.1136/bmjopen-2015-008155 7

Open Access

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1177/0272989X08319958
http://dx.doi.org/10.1136/bmj.b946
http://dx.doi.org/10.1136/bmj.b2899
http://dx.doi.org/10.1258/096914103321610806
http://dx.doi.org/10.1016/S1076-6332(03)80087-9


8. Sackett DL, Straus S. On some clinically useful measures of the
accuracy of diagnostic tests. ACP J Club 1998;129:A17–19.

9. Dujardin B, Van den Ende J, Van Gompel A, et al. Likelihood ratios:
a real improvement for clinical decision making? Eur J Epidemiol
1994;10:29–36.

10. Grimes DA, Schulz KF. Refining clinical diagnosis with likelihood
ratios. Lancet 2005;365:1500–5.

11. Hayward RS, Wilson MC, Tunis SR, et al. Users’ guides to the
medical literature. VIII. How to use clinical practice guidelines. A. Are
the recommendations valid? The Evidence-Based Medicine Working
Group. JAMA 1995;274:570–4.

12. Wilson MC, Hayward RS, Tunis SR, et al. Users’ guides to the
medical literature. VIII. How to use clinical practice
guidelines. B. what are the recommendations and will they help you
in caring for your patients? The Evidence-Based Medicine Working
Group. JAMA 1995;274:1630–2.

13. Gill CJ, Sabin L, Schmid CH. Why clinicians are natural Bayesians.
BMJ 2005;330:1080–3.

14. Cochrane AJ. Effectiveness and efficiency: random reflections on
health services. The Nuffield Provincial Hospitals Trust. London:
The Royal Society of Medicine Press Ltd, 1972.

15. Knottnerus JA. Evidence base of clinical diagnosis. Wiley, 2002.
16. Centre for Reviews and Dissemination. Systematic reviews: CRD’s

guidance for undertaking reviews in health care [Internet]. York:
University of York, 2009. (accessed 23 Mar 2011).

17. Casscells W, Schoenberger A, Graboys TB. Interpretation by
physicians of clinical laboratory results. N Engl J Med
1978;299:999–1001.

18. Gigerenzer G, Hoffrage U. How to improve Bayesian reasoning without
instruction: frequency formats. Psychol Rev 1995;102:684–704.

19. Hoffrage U, Lindsey S, Hertwig R, et al. Medicine. Communicating
statistical information. Science 2000;290:2261–2.

20. Steurer J, Fischer JE, Bachmann LM, et al. Communicating accuracy
of tests to general practitioners: a controlled study. [Erratum appears
in BMJ 2002 Jun 8;324(7350):1391]. BMJ 2002;324:824–6.

21. Argimon-Pallas JM, Flores-Mateo G, Jimenez-Villa J, et al.
Effectiveness of a short-course in improving knowledge and skills on
evidence-based practice. BMC Fam Pract 2011;12:64.

22. Agoritsas T, Courvoisier DS, Combescure C, et al. Does prevalence
matter to physicians in estimating post-test probability of disease?
A randomized trial. J Gen Intern Med 2011;26:373–8.

23. Bergus G, Vogelgesang S, Tansey J, et al. Appraising and applying
evidence about a diagnostic test during a performance-based
assessment. BMC Med Educ 2004;4:20.

24. Berwick DM, Fineberg HV, Weinstein MC. When doctors meet
numbers. Am J Med 1981;71:991–8.

25. Borak J, Veilleux S. Errors of intuitive logic among physicians.
Soc Sci Med 1982;16:1939–44.

26. Bramwell R, West H, Salmon P. Health professionals’ and service
users’ interpretation of screening test results: experimental study.
BMJ 2006;333:284.

27. Chernushkin K, Loewen P, De Lemos J, et al. Diagnostic reasoning
by hospital pharmacists: assessment of attitudes, knowledge, and
skills. Can J Hosp Pharm 2012;65:258–64.

28. Curley SP, Yates JF, Young MJ. Seeking and applying diagnostic
information in a health care setting. Acta Psychol (Amst)
1990;73:211–23.

29. Eddy DM. Probabilistic reasoning in clinical medicine: problems and
opportunities. In: Kahneman D, Slovic P, Tversky A, eds. Judgement
under uncertainty: heuristics and biases. Cambridge: Cambridge
University Press, 1982:249–67.

30. Estellat C, Faisy C, Colombet I, et al. French academic physicians
had a poor knowledge of terms used in clinical epidemiology. J Clin
Epidemiol 2006;59:1009–14.

31. Garcia-Retamero R, Hoffrage U. Visual representation of statistical
information improves diagnostic inferences in doctors and their
patients. Soc Sci Med 2013;83:27–33.

32. Hoffrage U, Gigerenzer G. Using natural frequencies to improve
diagnostic inferences. Acad Med 1998;73:538–40.

33. Gigerenzer G. The psychology of good judgment: frequency formats
and simple algorithms. Med Decis Making 1996;16:273–80.

34. Gigerenzer G. Reckoning with risk: learning to live with uncertainty.
UK: Penguin, 2003.

35. Hoffrage U, Gigerenzer G. How to improve the diagnostic inferences
of medical experts. In Kurz-Milcke E, Gigerenzer G, eds. Experts in
science and society. New York: Kluwer Academic/Plenum
Publishers, 2004:249–268.

36. Lyman GH, Balducci L. Overestimation of test effects in clinical
judgment. J Cancer Educ 1993;8:297–307.

37. Lyman GH, Balducci L. The effect of changing disease risk on
clinical reasoning. J Gen Intern Med 1994;9:488–95.

38. Moreira J, Bisoffi Z, Narvaez A, et al. Bayesian clinical reasoning:
does intuitive estimation of likelihood ratios on an ordinal scale
outperform estimation of sensitivities and specificities? J Eval Clin
Pract 2008;14:934–40.

39. Noguchi Y, Matsui K, Imura H, et al. Quantitative evaluation of the
diagnostic thinking process in medical students. J Gen Intern Med
2002;17:848–53.

40. Puhan MA, Steurer J, Bachmann LM, et al. A randomized trial of
ways to describe test accuracy: the effect on physicians’ post-test
probability estimates. Ann Intern Med 2005;143:184–9.

41. Reid MC, Lane DA, Feinstein AR. Academic calculations versus
clinical judgments: practicing physicians’ use of quantitative
measures of test accuracy. Am J Med 1998;104:374–80.

42. Sox CM, Doctor JN, Koepsell TD, et al. The influence of types of
decision support on physicians’ decision making. Arch Dis Child
2009;94:185–90.

43. Bachmann LM, Steurer J, ter Riet G. Simple presentation of test
accuracy may lead to inflated disease probabilities. BMJ
2003;326:393.

44. Vermeersch P, Bossuyt X. Comparative analysis of different
approaches to report diagnostic accuracy. Arch Intern Med
2010;170:734–5.

45. Young JM, Glasziou P, Ward JE. General practitioners’ self ratings
of skills in evidence based medicine: validation study. BMJ
2002;324:950–1.

46. Sassi F, McKee M. Do clinicians always maximize patient
outcomes? A conjoint analysis of preferences for carotid artery
testing. J Health Serv Res Policy 2008;13:61–6.

47. Gigerenzer G. What are natural frequencies? 2011;343:d6386.
48. Gigerenzer G, Edwards A. Simple tools for understanding risks:

from innumeracy to insight. BMJ 2003;327:741–4.
49. Hoffrage U, Gigerenzer G, Krauss S, et al. Representation facilitates

reasoning: what natural frequencies are and what they are not.
Cognition 2002;84:343–52.

50. Edwards W. 25. Conservatism in human information processing.
In: Kahneman D, Slovic P, Tversky A, eds. Judgement under
uncertainty: heuristics and biases. Cambridge: Cambridge University
Press, 1982:359–69.

51. Zhelev Z, Garside R, Hyde C. A qualitative study into the difficulties
experienced by healthcare decision-makers when reading a
Cochrane diagnostic test accuracy review. Syst Rev 2013;2:32.

52. Cochrane Diagnostic Test Accuracy Working Group. Handbook for
DTA reviews [Internet]. The Cochrane Collaboration, 2013 (accessed
13 Oct 2014).

53. GRADE working group [Internet]. Secondary GRADE working
group [Internet]. 2014, (accessed 27 Mar 2014). http://www.
gradeworkinggroup.org/index.htm

8 Whiting PF, et al. BMJ Open 2015;5:e008155. doi:10.1136/bmjopen-2015-008155

Open Access

http://dx.doi.org/10.1007/BF01717448
http://dx.doi.org/10.1016/S0140-6736(05)66422-7
http://dx.doi.org/10.1001/jama.1995.03530070068032
http://dx.doi.org/10.1001/jama.1995.03530200066040
http://dx.doi.org/10.1136/bmj.330.7499.1080
http://dx.doi.org/10.1056/NEJM197811022991808
http://dx.doi.org/10.1037/0033-295X.102.4.684
http://dx.doi.org/10.1126/science.290.5500.2261
http://dx.doi.org/10.1136/bmj.324.7341.824
http://dx.doi.org/10.1186/1471-2296-12-64
http://dx.doi.org/10.1007/s11606-010-1540-5
http://dx.doi.org/10.1186/1472-6920-4-20
http://dx.doi.org/10.1016/0002-9343(81)90325-9
http://dx.doi.org/10.1016/0277-9536(82)90393-8
http://dx.doi.org/10.1136/bmj.38884.663102.AE
http://dx.doi.org/10.4212/cjhp.v65i4.1155
http://dx.doi.org/10.1016/0001-6918(90)90023-9
http://dx.doi.org/10.1016/j.jclinepi.2006.03.005
http://dx.doi.org/10.1016/j.jclinepi.2006.03.005
http://dx.doi.org/10.1016/j.socscimed.2013.01.034
http://dx.doi.org/10.1097/00001888-199805000-00024
http://dx.doi.org/10.1177/0272989X9601600312
http://dx.doi.org/10.1080/08858199309528246
http://dx.doi.org/10.1007/BF02599218
http://dx.doi.org/10.1111/j.1365-2753.2008.01003.x
http://dx.doi.org/10.1111/j.1365-2753.2008.01003.x
http://dx.doi.org/10.1046/j.1525-1497.2002.20139.x
http://dx.doi.org/10.7326/0003-4819-143-3-200508020-00004
http://dx.doi.org/10.1016/S0002-9343(98)00054-0
http://dx.doi.org/10.1136/adc.2008.141903
http://dx.doi.org/10.1136/bmj.326.7385.393/a
http://dx.doi.org/10.1001/archinternmed.2010.84
http://dx.doi.org/10.1136/bmj.324.7343.950
http://dx.doi.org/10.1258/jhsrp.2007.006031
http://dx.doi.org/10.1136/bmj.327.7417.741
http://dx.doi.org/10.1016/S0010-0277(02)00050-1
http://dx.doi.org/10.1186/2046-4053-2-32
http://www.gradeworkinggroup.org/index.htm
http://www.gradeworkinggroup.org/index.htm

	How well do health professionals interpret diagnostic information? A systematic review
	Abstract
	Introduction
	Methods
	Data sources
	Inclusion criteria
	Data extraction
	Synthesis

	Results
	Self-reported understanding: How do doctors self-rate their understanding or use of accuracy measures?
	Accuracy definition: “Can health professionals define measures of accuracy?”
	Bayesian reasoning: “How well can health professionals combine data on pre-test probability and test accuracy to obtain information on the post-test probability of disease?”
	Comparison of effects of positive and negative test results on Bayesian reasoning
	Comparison of summary metrics for Bayesian reasoning
	The effect of clinical experience, profession and academic training on Bayesian reasoning

	Presentation format: “Does presenting accuracy data as frequencies and using graphic aids improve understanding compared to presenting results as probabilities?”

	Discussion
	Statement of principal findings
	Explanation of findings
	Strengths and weaknesses
	Conclusions and implications for practice, policy and future research

	References


