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Studies of accuracy are oftenmore complex to understand than clinical trials, since there can bemore than one out-
come and scope (screening, diagnosis, and prognosis) and because results have to be reported in more than one
way, than in clinical trials (relative risk or odds ratio). Sensitivity and specificity are common terms for practitioners,
but to remember that sensitivity is the “ratio between true positive rate and true positive rate plus false negative
rate” may sometime cause some frustration. Moreover, likelihood ratio, predictive values, diagnostic odds ratio,
and pre- and post-test probability complicate the framework. To summarize these indexes from multiple studies
can be also a little more difficult. However, understanding diagnostic test accuracy from different study results
and how to interpret systematic reviews andmeta‐analysis can help every practitioner improve critical appraisal
of evidence about the best use of diagnostic tests. Avoiding complicated mathematical formulas, this paper at-
tempts to explain the meaning of the most important diagnostic indexes and how to read a Forest plot and a
summary Receiver Operative Characteristic curve.

© 2012 Elsevier B.V. All rights reserved.
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1. Introduction

“Do the right thing”. In a nutshell, this is what the Evidence‐Based
Medicine (EBM)movement would like to teach; that is: “At every oppor-
tunity, use themost accurate diagnostic test, themost effective treatment,
for the right patient, at the right time and without wasting resources”.

The EBMmovement was officially launched in 1992 in the Journal of
the AmericanMedical Association [1] (actually, the definition was used
for the first time in an editorial of the American College of Pathologists
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Fig. 1. Interaction between diagnosis and treatment to determine the outcome.
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Club Journal by Guyatt, in 1991 [2]) and the statement said: “Use of
strongest available data to make informed, unbiased decisions about
the diagnosis and treatment of patients”. Deriving from the works of
Archibald Cochrane, the main aim of EBM was to demonstrate the effi-
cacy of health treatment, since there cannot be efficiencywithout effec-
tiveness [3]. The quality improvement of primary clinical studies and a
critical appraisal of the available evidence became the goal for EBM
researchers.

Today, after 20 years, the EBM movement is more oriented to the
clinical practice, to apply the principles in operational contexts of
health, integrating the best evidence with the practitioners' experience
and patients' expectations. While finding and appraisal of evidence are
matters of study for methodologists and researchers working for sys-
tematic reviews, for most clinicians the challenge is to apply the best
evidence for decision-making. However, an EBM process and some
tools are needed also for good decision-making. The application of
EBM to daily practice comprises five steps, referred to as the EBM A-5
cycle: Ask — structure the question that states the problem; Acquire —

find the evidence; Appraise — determine whether the evidence is reli-
able and usable (since critical appraisal is the use of explicit, transparent
methods to assess the data in published research, applying the rules of
evidence to factors suchas internal validity, adherence to reporting stan-
dards, conclusions and generalizability); Apply— take the evidence and
apply it to your problem; Audit — assess the process you have used for
effectiveness.

Systematic reviews remain the best publications giving complete
summaries of all the available evidence, pooled and weighted. This type
of publication responds to a defined question, reviews all the literature
on the topic and summarizes the evidence using meta-analysis statistics
to sum up the results. Although results of systematic reviews are usually
explained and commented upon, understanding meta-analyses is a re-
quired skill for the practitioner so that he can make his own appraisal
and make his own decisions for the care of his patients. More skills are
needed to understand and evaluate studies of diagnostic accuracy than
of clinical trials, because the statistics are more numerous and pooling
statistics are more complex.

The aim of this paper is to present a review of the major indexes of
accuracy and then to consider the opportunities and issues related to
the synthesis of evidence of diagnostic accuracy.
Table 1
A simple way to calculate the relative risk and the odds ratio.

Outcome present Outcome absent

Diseased patients A B
Control patients C D

Relative risk: RR=EER/CER.
Odds ratio: OR=(A/B)/(C/D).
Experimental Event Rate (EER)=A/(A+B).
Control Event Rate (CER)=C/(C+D).
2. Evaluating the effectiveness of a diagnostic test

2.1. Differences between clinical effectiveness and diagnostic efficacy

Beginning with available evidence, it is easier to evaluate the effec-
tiveness of a given treatment than to evaluate a diagnostic test for accu-
racy. Two reasons can be suggested. Firstly, there are few randomized
controlled trials (RCTs) on the diagnostic accuracy, due to less economic
interest and less “culture” in comparingdifferent tests for the samediag-
nosis Secondly, the outcomes of a diagnostic test are not well defined
but they depend on the actions arising from and following the diagnosis
or lack thereof. Patient outcome rarely depends only on the efficacy of
the diagnostic test; the action that follows the diagnosis is critical to
the outcome (Fig. 1).

But even if we evaluate the efficacy of the test based only on dis-
criminative diagnostic ability, the evaluation shows important differ-
ences compared to studies of therapeutic efficiency.

Randomized control studies provide the strongest evidence for
(relative) efficacy of treatment. In such studies, and generally in all
the evaluation studies of medical and surgical therapy, a single measure
of effectiveness is assessed: the Relative Risk (RR), or alternatively and
more commonly, the Odds Ratio (OR). To calculate these indexes, we
evaluate the presence of the desired (or adverse) outcome in the two
arms of the study, where in the first it is applied to the treatment under
study, and in the other, to placebo, current therapy or no treatment.
Please cite this article as: Giavarina D., Tools for critical appraisal of e
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The percentage of outcomes in the treated subjects defines the Ex-
perimental Event Rate (EER); the percentage in the controls, defines
the Control Event Rate (CER). The ratio of EER and CER is the RR.

The OR of a treatment is the ratio of the frequency of the outcome
in the treated group and the frequency of the same event in the con-
trol group (Table 1). One single index, derived from many different
studies, can be easily summarized in the Forest plot of meta‐analysis.

In studies of diagnostic test accuracy (DTA) there are at least two,
but frequently more than two, efficacy indexes: sensitivity (Se) and
specificity (Sp), but also positive predictive value (PV+) and negative
predictive value (PV−), positive and negative likelihood ratio (LR), di-
agnostic odds ratio (DOR), Receiver Operating Characteristic (ROC)
curve. It can be a little more difficult to summarize these indexes; to
do so, we first have to understand the meaning and the power of
each index.

2.2. Indexes of diagnostic efficacy

2.2.1. Sensitivity and specificity
Every doctor has encountered Se and Sp many times during his

working life, and sometimes everyone experiences frustration trying
to remember the definitions: that Se=TP/TP+FN, where TP is the
number of true positives and FN is the number of false negatives;
and similarly, that Sp=TN/TN+FP, where TN is the number of true
negatives and FP is the number of false positives.

Se and Sp were firstly used as indexes of the accuracy of a diagnostic
test in 1947 [4]. Se is the ability to recognize the “positive”, the ill, while
Sp is the ability to recognize the “negative”, the healthy people. If the
population of healthy people and ill people were completely separated
with respect to the concentration of a biomarker or a test, a correct de-
cision level might be able to divide the healthy from the diseased. In re-
ality, as shown in Fig. 2, the distribution of values in healthy and in ill
people frequently overlaps. Any chosen cutoff level will cause a number
of false positive and/or false negative results. In the example given in
Fig. 2, among 100 healthy people, the chosen cutoff correctly classifies
93 people (TN), while seven are classified as positive (FP); this is the
Sp of the test at this cutoff. The ability to recognize the negative in this
case is 93/100=0.93. The same cutoff correctly classifies 97 people
with the disease (TP), while 3 are misclassified (FN). This is the Se of
the test at this cutoff. The ability to recognize the positive in this case
is 97/100=0.97. The dashed squares represent the area of calcula-
tion: Sp is calculated in the healthy people, which are expected to be
vidence in studies of diagnostic accuracy, Autoimmun Rev (2012),
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Healthy people
Sp= 93/100 = 0.93

People with the disease 
Se = 97/100 = 0.97  

True Negative

False positive

True positive

False negative

Se = 1.00  

Sp= 1.00  

Fig. 2. Specificity measures the discriminating ability in healthy subjects (negative): sensitivity is the quality to recognize the “positive”, i.e. subjects with the disease.
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negative; Se is calculated in peoplewith the disease, which are expected
to turn out positive.
2.2.2. Positive and negative predictive values
Positive predictive values (PV+) for a diagnostic test are conditional

probabilities that a patient has a target disease, given that the test result
is positive [TP/(TP+FP)]; and negative predictive value (PV−) is the
probability that a patient does not have the target disease, given that
the test result is negative [TN/(TN+FN)] [5,6].

However, it should be remarked that the predictive value is not a
good index of accuracy, since it is very close to the pre-test probability
of the result. For instance, if we again consider the example in Fig. 2,
that represents a test with Se=0.97 and Sp=0.93, the actual condi-
tion of the operating test on 100 healthy people and 100 people with
the disease gives a pre-test probability equal to 0.50. When we have a
positive result, it could be 1 of the 97 TP or 1 of the 7 FP; so, the PV+
is 97/(97+7)=0.93. But a pre-test probability of 0.5, which indicates a
disease prevalence of 50%, is very high and uncommon; usually, disease
prevalence is much lower and hence the pre-test probability. Let us hy-
pothesize a disease prevalence of 9%, with 1000 healthy people and 100
subjectswith thedisease. In this situation, thepre-test probability is 0.09
(100/1100). Using the same test, with Se=0.97 and Sp=0.93, we will
have the same number of TP, 97 out of 100, but 10-fold the number of
false positives, that is 70 instead of 7. So, a positive result could be 1 of
the 97 TP or 1 of the 70 FP; the PV+ will be 97/(97+70)=0.58. If in-
stead the pre-test probability were 0.0009 (10,000 healthy and 100
ill), the PV+ will be 97/(97+700)=0.12. Similar considerations can
be made for PV−.

Therefore, reporting PV+ and PV− is not recommended and when
given, it has to be negatively appraised, since the pre-test probabilities
during clinical studies are often higher than in the actual operational
situation.

2.2.3. ROC curve
Most diagnostic tests are not dichotomous (positive or negative)

but rather have continuous or categorical values and the definition
of positive and negative results depends on the setting of the thresh-
old. Consequently, Se and Sp depend on the cutoff level of the test.
Please cite this article as: Giavarina D., Tools for critical appraisal of e
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The pattern of Se and Sp observed when the performance of a test
is evaluated at several diagnostic thresholds is represented in the ROC
curve [7]. Particularly, a ROC curve depicts the true positive rate (Se)
as function of false positive rate (1-Sp); Se is on the y axis, while 1-Sp
is on the x axis. Fig. 3 can help to convey the relationship between the
threshold and the ROC curve. In this example, the positive results are
lower than the negative ones (the positive population is on the left).
Starting with the threshold in A, the true positive rate (Se) is 1.0, since
all the positives are recognized, but also all the negatives are classified
as positives, i.e. the false positive rate (1-Sp) is 1.0 too (Sp=0.0). Moving
the threshold from A to B, the accuracy in recognizing positives (Se) re-
mainsmaximum (1.0) but the false positive rate is progressively reduced
as Sp increases, in this example to 0.7. After the B threshold the improving
of Sp causes a reduction of Se, to the threshold in C, when the false posi-
tive rate (1-Sp) becomes zero (Sp=1.0). After the threshold C towards D
there is an unhelpful loss of Se, since Sp is already maximum.

The curve generated by varying the threshold value for positivity over
the entire possible range delimits an area (area under the curve, AUC)
that is a measure of the general ability of the test to discriminate those
subjects with the disease from those without. A straight line arising
from the origin with a slope of 1 (angle of 45°) provides an AUC of 50%,
that is like a discriminating ability equal to that of flipping a coin. The
higher the AUC, the better is the test's performance, so the overall diag-
nostic performance of a test can be judged by measuring the area under
the curve. Poor tests have ROC curves close to the diagonal, while the
ROC curves for excellent tests rise steeply and pass close to the top
left-hand corner, where both the Se and Sp are 1.

2.2.4. Positive and negative likelihood ratio
The ratio between the probability to have a particular test result in pa-

tients with disease and in those without disease defines the Likelihood
Ratio (LR) [8]. For binary tests, where the results may take on only two
values, plus or minus, the calculation formulas are:

LR þð Þ ¼ Probability of positive result in patientwithdisease
Probability of positive result in patientwithout disease

¼ Sensitivity
1� Specif icity

LR −ð Þ ¼ Probability of negative result in patientwithdisease
Probability of negative result in patientwithout disease

¼1� Specif icity
Specif icity
vidence in studies of diagnostic accuracy, Autoimmun Rev (2012),
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Fig. 3. Threshold changes the sensitivity and the specificity of a test. Relationship between sensitivity and the specificity can be observed in the Receiver Operating Characteristic
curve.
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A LR equal to 1 represents a completely not discriminating test, with
equal probabilities in the diseased and non-diseased populations; the
farther a likelihood ratio deviates from a value of 1, the more informa-
tive is the test result [9].

High likelihood ratios (e.g., >10) indicate that the test can be used to
rule-in the disease, while low likelihood ratios (e.g., b0.1) can rule-out
the disease. If a test can be used to rule-in the disease, it means that
the post-test probability of the disease is very high. The Bayes' theorem
can be applied to derive probabilistic statements regarding the likeli-
hood of disease in an individual. Beyond the formulas deriving from
Bayes' theorem, a simplerway to calculate post-test probability starting
from pre-test probability is the Fagan nomogram [10]. As an example
(Fig. 4), we may suppose that the prevalence of a positive ANA test in
systemic lupus erythematosus (SLE) patients is 3%. Considering the
use of an ANA test with a Se of 0.98 and a Sp of 0.93, the LR(+) would
be 14, and the LR(−) 0.02.

As showed by the Fagan's nomogram, this ANA test is very accurate
in the rule-out, with post-test probability for a negative result less than
0.1%, conversely, a positive result improves the probability of disease
from3 to 30%,meaning that 70% of the screened patientswith a positive
ANA test do not have SLE.

2.2.5. Diagnostic odds ratio
The diagnostic odds ratio (DOR) expresses the odds of positive test

results in patients with disease compared to the odds of positive test
Please cite this article as: Giavarina D., Tools for critical appraisal of e
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results in those without disease [11]. The formula to calculate the
DOR is:

DOR ¼ LR þð Þ
LR −ð Þ

The DOR summarizes in a single value the accuracy of a test, while
the other accuracy indexes are paired indicators. One important ad-
vantage of DOR is that it is not dependent on the prevalence of the
target disease, and may be easier to understand, even if it is less com-
mon and intuitive than Se and Sp. It can be also used as the odds ratio
in RCT studies, especially in meta‐analysis, overcoming also the prob-
lem of different thresholds in different studies.

The value of a DOR ranges from 0 to infinity, with higher values indi-
cating better discriminatory test performance. A value of 1 means that a
test does not discriminate between patients with the disorder and those
without. A value less than 1 deposes for a misleading test (more positive
results in healthy people or more negative in diseased).

3. Confidence intervals

Another toolwe have to know to be able to critically appraise clinical
and diagnostic studies is confidence intervals (CI) [12]. CI is a range of
values for a variable of interest (for instance: Se, Sp, LR, and DOR)
vidence in studies of diagnostic accuracy, Autoimmun Rev (2012),
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constructed so that this range has a specified probability (usually 95%)
of including the true value of the variable.

In statistical inference, one wishes to estimate population param-
eters using observed sample data. This holds true also for nearly all
the accuracy test evaluations. Even excluding the problem that a sam-
ple may be not representative of the population (i.e., for selection or
Sensitivity
0 0.2 0.4 0.6 0.8 1

study 1 30/40
study 2 23/36
study 3 62/80
study 4 12/16
study 5 38/40
study 6 110/120
study 7 17/24
study 8 21/32
study 9 15/20
study 10 20/28

TP/(TP+FN

Pooled sensitivity = 0.80 (0.76 to 0.83)

Inconsistency (I2) = 72.1 %
χ2= 32.30; df =  9 (p = 0.0002)

Fig. 5. Forest plot of 10 hypothetical stu
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other bias), there is still a possibility of random variation in the sam-
ple. Results obtained from only a sample of the entire population are
subjected to statistical uncertainty, which is related to the size of the
sample. The confidence intervals indicate the imprecision of the mea-
sure. The limits of confidence define a range of values which contain
the true value, and the width of the CI is inversely related to the size
of the sample. Accuracy indexes obtained from larger samples will
have a narrower confidence interval and the evidence will be stronger.

4. Systematic review and meta-analysis

Medical professionals feel confused about the huge available medical
literature, both for difficulties in finding and reading all those information
and for the lack of a critical comparative appraisal. Reviews, as summary
of the available literature on an argument, have become an important tool
to keep up-to date and seek for evidence. However, narrative reviews are
often not well done, since they may include a number of biases (publica-
tion, language, indexing inclusion) [13] and may be influenced by the
opinion of the review writer. A well-conducted systematic review may
overcome many of these problems. Provided by the foundational work
of Archibald Cochrane in the 1980s, a formal method to conduct system-
atic reviews has been proposed. As stated in the Cochrane Library Glossa-
ry [14], systematic review is “a review of a clearly formulated question
that uses systematic and explicit methods to identify, select, and critically
appraise relevant research, and to collect and analyze data from the stud-
ies that are included in the review. Statistical methods (meta-analysis)
may or may not be used to analyze and summarize the results of the in-
cluded studies.” A systematic review must have a clearly focused ques-
tion, a comprehensive search to find all original reports on the topic of
interest, a critical evaluation and appraisal of the reports, and conclusions
based on a synthesis of studies that meet preset quality criteria. Hence,
knowledge about the statistical tools used in the systematic reviews is
helpful to understand and critically appraise even this type of publication.

4.1. Meta-analysis

Meta-analysis is undertaken to summarize the results of multiple
studies addressing a single research issue. The first stage in any analysis
should be to plot the individual study results. Like clinical studies, accu-
racy studies can be pooled in a Forest plot graph [15]. It is possible to
plot, in different Forest plots, Se, Sp, LR(+) LR(−) and DOR. The statistic
from each individual study is represented by a dot, cut by a horizontal
line, wide as the associated confidence interval.

In Fig. 5, a meta-analysis on 10 studies is represented for Se and Sp
statistics. The area of every square represents the dimension of the
study; the horizontal lines are the CIs, and their lengths clearly show
the inverse relationship between the size of the sample and its CIs.
Specificity
0 0.2 0.4 0.6 0.8 1

Pooled specificity = 0.75 (0.72 to 0.77)

Inconsistency (I2) = 91.5 %

119/140
115/128
123/140
51/68
84/140
146/260
73/92
96/116
58/80
83/104

) TN/(TN+FP)

χ2= 106.13; df =  9 (p = 0.0000)

dies, for sensitivity and specificity.
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study 5 28.50    (6.61 - 122.91) 
study 6 14.09    (7.05 - 28.15) 
study 7 9.33      (3.38 - 25.74) 
study 8 9.16      (3.82 - 21.97) 
study 9 7.91      (2.57 - 24.36)
study 10 9.88      (3.82 - 25.54) 

Diagnostic OR (95% CI)

Random effects model
Pooled Diagnostic Odds Ratio = 13.73 (10.27 to 18.35)
Cochran-Q = 7.08; df =  9 (p = 0.6289)
Inconsistency (I2) = 0.0 %

Fig. 7. Forest plot of the same 10 hypothetical studies, for diagnostic odds ratio.
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The diamond in the bottom represents the pooled Se and Sp, with
their CIs. Se, Sp and LR (Fig. 6) should only be pooled in the absence of
variability of the diagnostic threshold. The pooled statistics correspond
to weighted averages in which the weight of each study is represented
by its sample size. Likelihood ratios and diagnostic odds ratios (Fig. 7)
can be pooled by differentmathematical methods, to incorporate varia-
tion among studies [16,17]. Simplifying, “fixed effect” is chosen as the
calculation method when there is no or low heterogeneity among the
studies; “random effect” should be chosen instead when heterogeneity
exists. In addition, this latter type of computation gives more impor-
tance to smaller trials [17].

Homogeneity among study results should first be evaluated graph-
ically by plotting Se and Sp values from each study on a Forest plot. The
consistency of each statistic can be gauged from the overlap of the in-
dividual CIs [18].

There are two numerical options to measure inconsistency: the
test of homogeneity (Cochran Q test) and the test of inconsistency.

The first one yields a χ2 statistic computed as the weighted sum of
the squared differences between the overall summary estimate and
the results of individual studies, with a p value for the null hypothesis
(the lower is p under 0.05, the lower is homogeneity). The second
method (inconsistency test, I2), expresses heterogeneity as a percent-
age, with higher values indicating more between-study heterogeneity.
I2 is preferredwhen considering only a few small studies, since Cochran
Q test is quite insensitive for detecting heterogeneity in these situations
[19–21].

Heterogeneity is to be expected in a meta-analysis: it would be
surprising if multiple studies, performed by different teams in differ-
ent places with different methods, all ended up estimating the same
underlying parameter [22]. Although some variation can be expected
by chance, other factors, such as variation in study designs, heteroge-
neity of analytical methods used for diagnostic testing, and patient se-
lection, may increase the observed heterogeneity [23]. An important
extra source of heterogeneity is the variation introduced by changes
in diagnostic threshold, which can be a casual or deliberate choice
of the investigators. Looking at a Forest plot we can recognize a pos-
sible threshold effect by the observation of the opposite distribution
of Se and Sp values. In Fig. 5, for instance, we see that studies 5 and
6 are quite different from the others, as they show a higher Se and a
corresponding lower Sp. This is a typical effect obtained by lowering
the cutoff threshold.

4.2. Summary Receiver Operative Characteristic curve

Plotting the TP rate (Se) against the FP rate (1-Sp), the threshold
effect can be emphasized (Fig. 8). In this kind of graphic, Se is plotted
as function of 1-Sp for each study, like a usual ROC plot. Then a sum-
mary ROC (sROC) curve can be fitted. The simplest approach has been
Please cite this article as: Giavarina D., Tools for critical appraisal of e
doi:10.1016/j.autrev.2012.07.004
developed by Moses et al. [24], but other approaches have been pro-
posed [25,26]. Computations are quite difficult and beyond the scope
of this review. However, sROC curves are proposed in many systemat-
ic reviews of diagnostic accuracy, so practitioners have to understand
the primary significance, for a better appraisal. Firstly, we can observe
if the fitted curve is symmetric or asymmetric. Diagnostic thresholds
should be similar for each study, so threshold effect does not influ-
ence the shape of the curve. Moreover, if the statistics for the several
studies under meta-analysis are distributed along and close to the
sROC curve defined as Se= f (1-Sp), this is evidence for different cut-
offs in tests with similar diagnostic accuracy. In Fig. 8 this is the case
of the studies no. 5 and no. 6.

The area under the curve (AUC) reflects overall performance of one
given test. The perfect testwill have anAUC of one. The sROC curves and
their AUCs are useful to compare the accuracy ofmultiple/numerous di-
agnostic tests [27].

The Q* point is the intercept on the sROC curve by the antidiagonal
line, across the unit square (the asterisk is used to differentiate the Q*
from the Q Cochran test. (It is very hard to understandwhy statisticians
love to complicate the life of clinicianswithmisleading symbols like this
one.) Its value indicates overall accuracy by giving the point where Se
and Sp are the same. The closer the curve to the top left corner, the bet-
ter the accuracy. In Fig. 8, the pooled Se is 0.80, the pooled Sp is 0.75 (see
data from Fig. 4), while Q* is 0.79.

5. Conclusions

Thefive steps (thefive “A's”) of the process of evidence-basedpractice
(EBP) has recently arrived in the arena of diagnostic medicine [28].
vidence in studies of diagnostic accuracy, Autoimmun Rev (2012),
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Not all clinicians have the same levels of responsibility within
evidence-based organizations and require the same skill for EBP
[29]. But even if not all practitioners need to appraise evidence
from scratch, all need some skills [30]. Considering the real-time set-
ting of practice, searching and appraisal need to be done bymany cli-
nicians inminutes rather than hours or days. Secondary publications,
especially systematic review and meta-analysis, could be powerful
instruments to keep up-to date our knowledge and practice
[31–39]. Understanding the summarized results presented in this
Table 2
Accuracy indexes and remarks.

Index Acronym Formula Mean

Sensitivity Se TP
TPþFN Quali

the “p
the il

Specificity Sp TN
TNþFP The q

the “n
health

Positive predictive values PV+ TP
TNþFP Proba

has a
test r

Negative predictive value PV− TN
TNþFN Proba

have
the te

Receiver Operator Characteristic curve ROC curve Plot: Se= f(1-Sp) Depic
as fun
(1-Sp
diagn

Area Under Curve ROC AUC ∫0
1Se= f(1-Sp) Meas

the te
disea

Positive Likelihood Ratio LR(+) LR þð Þ ¼ Se
1�Sp Ratio

have
patien
witho

Negative Likelihood Ratio LR(−) LR −ð Þ ¼ 1−Se
Sp ratio

have
patien
witho

Diagnostic Odds Ratio DOR DOR ¼ LR þð Þ
LR −ð Þ Odds

patien
to the
in tho
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type of publications can be very useful for clinical and diagnostic de-
cisions (Table 2).

Se and Sp are the first and most important quality indexes of accu-
racy evaluation, fromwhich all the other indexes can be derived. They
represent, respectively, the ability of a given test in recognizing peo-
ple with the disease and healthy people.

PV+ and PV− are poor indexes, as they are dependent on the
pre-test probability of disease. Usually, the experimental setting is often
different and frequently better than in the real-life practice: the study
population ismore homogeneous; complicated patients are often exclud-
ed by the study; processes are standardized; personnel iswell trained and
motivated; and especially, the number of positive patients ismuch higher
than in routine setting.

LR(+) and LR(−) are good probabilistic indexes. Respectively,
they are an estimate of the probability of disease if the test is positive
or negative. Knowing the pre-test probability of disease in a patient,
LR allows for estimating the post-test probability.

DOR is the ratio of LR(+) and LR(−). It is used to describe the diag-
nostic characteristics of the test as a single term.

In meta-analyses, similar information from different studies is
combined to give a more accurate estimate of the accuracy of a test.
Pooled Se, Sp, LR(+), LR(−) and DOR are usually calculated. Forest
plots for these statistics, especially for the DOR, permit an appraisal
of homogeneity among the considered studies by comparing the
overlap between the confidence intervals line. Statistical indexes
such as the Cochran Q test and the Inconsistency index can effectively
display this information. If inconsistency exists, pooled statistic re-
sults have to be evaluated with caution. A threshold bias can affect
the homogeneity between different studies. A sROC curve plot sum-
marizing true positive rate (Se) against false positive rate (1-Sp), as
represented by the distribution of the scattering, may indicate wheth-
er heterogeneity is related or not to the thresholds used in the differ-
ent studies.

All practitioners involved in the clinical interpretation of diagnos-
tic test data should be more confident with the principles of EBM and
ing Remarks

ty to recognize
ositive”,
lness

SPIN: high specificity and positive results rule IN
the diagnosis

uality to recognize
egative”, the
y people

SNOUT: high sensitivity and negative results rule
OUT the diagnosis

bility that a patient
target disease given that the
esult is positive

Not a good index, as it depends on pre-test
probability (prevalence)

bility that a patient does not
the target disease given that
st result is negative

Not a good index, as it depends on pre-test
probability (prevalence)

ts the true positive rate (Se)
ction of false positive rate
), evaluated at several
ostic thresholds

Measure of the general ability of the test to
discriminate those with disease from those
without

ure of the general ability of
st to discriminate those with
se from those without

The higher the AUC, the better is the test's
performance

between the probability to
a positive test results in
ts with disease and in those
ut disease

High likelihood ratios (e.g., LR>10) indicate
that the test can be used to rule in the disease

between the probability to
a negative test results in
ts with disease and in those
ut disease

low likelihood ratios (e.g., LRb0.1) can rule
out the disease

of positive test results in
ts with disease compared
odds of positive test results
se without disease

Accuracy in a single value.
It ranges from 0 to infinity.
1 is not discriminating value. Higher values
indicate better discriminatory test performance
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meta-analyses. Some simple tools and knowledge presented in this
papermay help clinicians to better interpret the results of a study of ac-
curacy and of meta-analytic studies and to understand the strengths
and limitations of such studies.

Take-home messages

• Using the five-step process of evidence-based practice (Ask, Acquire,
Appraise, Apply, Assess), all practitioners should be more confident
with evaluating the accuracy of diagnostic tests.

• Sensitivity, specificity, and likelihood ratios are the most informa-
tive statistics, while predictive values may be misleading, being
largely dependent on the pre-test probability (prevalence of the
disease).

• Like odds ratio for randomized controlled trial, diagnostic odds ratio
is used in diagnostic accuracy studies to describe the diagnostic
characteristics of the test as a single term.

• Confidence intervals are the best way to indicate the relative impre-
cision of the statistics: they provide a range of plausible values for
the unknown parameter (Se, Sp, LR, DOR, etc.).

• Forest plot and sROC curve are the graphs of meta-analysis; in ap-
praising a Forest plot, pay attention to homogeneity; if inconsistency
is suspected, examination of the sROC curve can help to uncover a
threshold bias.
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