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Laboratory medicine plays a central role in clinical decision-making, yet the interpretation of analytical and diagnostic 
perfor-mance parameters is often inconsistent in both scientific literature and routine practice. Evidence-Based Laboratory 
Medicine (EBLM) provides a structured framework for evaluating the quality, clinical utility, and appropriate use of in vitro 
diagnostic tests. This vademecum offers a practical and integrated overview of the main concepts required to assess analyti-
cal and diagnostic performance in the clinical pathology laboratory. Particular attention is given to analytical sensitivity, 
selectivity, limits of detec-tion and quantification, measurement range, robustness, accuracy, trueness, precision, measurement 
uncertainty, reference in-tervals, and Reference Change Value. The document also examines the diagnostic implications of 
cut-off selection, sensitivity, specificity, diagnostic accuracy, ROC curves, area under the curve, Youden Index, likelihood ra-
tios, predictive values, pre-test and post-test probability, and the influence of disease prevalence. By clarifying the distinction 
between prevalence-independent and prevalence-dependent parameters, the article highlights the importance of integrating 
laboratory data with clinical context and Bayesian reasoning. Sequential and parallel testing strategies are also discussed as 
tools to improve diagnostic predictive value. Finally, a case study illustrates the selection of optimal cut-off values in quan-
titative tests through ROC and diagnostic per-formance curves. This vademecum aims to support laboratory professionals in 
critically appraising diagnostic evidence, improving test interpretation, and contributing more effectively to patient-centred 
clinical decision-making.
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Acronym Meaning / Explanation

ACC Diagnostic accuracy of a test

AUC Area Under the Curve (area below the ROC curve)

Avg Arithmetic mean of a dataset

CI Confidence Interval

c/o (Cut-off) Threshold value used to classify results

CPD-Cut Diagnostic Performance Curve by Cut-off

CVa Analytical coefficient of variation

CVg Inter-individual biological coefficient of variation

CVi Intra-individual biological coefficient of variation

CVt Total coefficient of variation

RCV Reference Change Value

EBLM Evidence-Based Laboratory Medicine

FN False Negative

FP False Positive

IVD In vitro diagnostics

IVD instrument Instrumentation used for in vitro diagnostics
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Acronym Meaning / Explanation

IVD medical device Medical devices intended for in vitro diagnostic use

IVDD In Vitro Diagnostic Directive (Directive 98/79/EC)

IVDR In Vitro Diagnostic Regulation (EU Regulation 2017/746)

K index Kurtosis index

LOQ Limit of Quantification

LOD Limit of Detection

LR+ Positive Likelihood Ratio

LR- Negative Likelihood Ratio

Max Maximum value in a dataset

Min Minimum value in a dataset

MR Measurement Range

p Statistical probability

Perc Percentile

p(pre) Pre-test probability

p(post−) Post-test probability after a negative result

p(post+) Post-test probability after a positive result

Pr Prevalence

Ppre Pre-test probability

ROC Curve Receiver Operating Characteristic curve

SD Standard Deviation

SEM Standard Error of the Mean

Se (TPR) Sensitivity / True Positive Rate

Sk index Skewness index

Sp (TNR) Specificity / True Negative Rate

TE Total analytical error (bias + imprecision)

UML Upper Measurement Limit

VR (RV) Reference Values

VN True Negative

VP True Positive

NPV Negative Predictive Value

PPV Positive Predictive Value

YI Youden Index

Ω Statistical odds
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Introduction
Despite the central role of laboratory testing in clini-
cal decision-making, the interpretation of analytical 
and diagnostic performance parameters is still often 
inconsistent in both literature and everyday practice. 
Sensitivity, specificity, predictive values and likeliho-
od ratios are frequently used outside their proper 
conceptual framework, which can lead to misinter-
pretation of results and, in some cases, inappropriate 
clinical decisions. These are not only theoretical is-
sues, but problems with real consequences in patho-
logy-driven diagnostic workflows. 
The aim of this article is not to provide a technical 
manual or a set of procedural recommendations. In-
stead, it offers a critical and integrated discussion of 
key Evidence-Based Laboratory Medicine (EBLM) 
concepts, focusing on the most common interpre-
tative and methodological pitfalls encountered when 
evaluating analytical and diagnostic performance. 
The goal is to help bridge the gap between analyti-
cal validation, diagnostic accuracy studies and re-
al-world clinical reasoning in laboratory medicine 
and pathology.
Within the European Union (EU), the responsibility 
for ensuring the high-quality standards required for 
the marketing of in vitro diagnostic (IVD) devices 
is shared among manufacturers, authorized repre-
sentatives, importers, and distributors. Each of the-
se actors is required to comply with the provisions 
set by Regulation (EU) 2017/746 on In Vitro Dia-
gnostic Medical Devices (IVDR), which replaced by 
Directive 98/79/EC (IVDD – In Vitro Diagnostic 
Medical Devices Directive). The Regulation has been 
progressively implemented from 26 May 2017 to 
26 May 2022, with an extended transition period 
introduced to address emerging critical issues.
Clinical laboratories, as end-users, are responsible 
for using each device in accordance with its inten-
ded purpose-namely the clinical indication, target 
population, authorized operators, operating condi-
tions, and stated limitations. This responsibility in-
cludes understanding the warnings and instructions 
described in the device manual and verifying, within 
the laboratory’s own setting, that the analytical and 
diagnostic performance claimed by the manufactu-
rer is met. Whenever a device is demonstrably “unfit 
for its intended use,” or when incidents or near-inci-
dents attributable to the device (including embedded 
software) occur, the device must be withdrawn from 
use, and the laboratory must activate the established 
vigilance procedure for in vitro medical devices.
The responsibility for the correct technical and 
clinical use of IVD tests therefore lies with the la-
boratory, which must comply with the mandatory 
regional accreditation requirements and may addi-
tionally adhere to the international standard ISO 
15189:2022. This obligation entails that the abili-
ty to appraise scientific documentation be an inte-
gral competency for every biomedical professional, 
particularly the skills needed to critically evaluate 

the literature, systematic reviews, and meta-analytic 
data arising from studies that assess analytical and 
diagnostic performance.
Evidence-Based Laboratory Medicine (EBLM), a 
specialized branch of Evidence-Based Medicine 
(EBM), focuses on evaluating the quality and clinical 
utility of in vitro diagnostics to ensure their effecti-
ve and efficient use in practice. Its scope is broad 
and includes population-level screening, differential 
diagnosis, precision and gender-specific medicine, as 
well as the monitoring of disease progression, thera-
peutic response, and risk in clinical trials.
Approximately 70% of clinical decisions are suppor-
ted by in vitro diagnostics, even though laboratory 
testing accounts for less than 1% of total healthcare 
expenditure in Italy. This disproportion underscores 
the importance of robust evidence to guide the in-
troduction and appropriate use of diagnostic tests.
The evaluation of a new diagnostic test follows a 
hierarchical framework, where each level—addres-
sing both effectiveness and efficiency—must be va-
lidated, preferably through standardized procedures, 
before progressing to the next. Importantly, a test 
should be introduced into clinical practice only if 
it provides a tangible improvement to the overall 
diagnostic–therapeutic pathway.
Whether the aim is to assess a new analyte propo-
sed as an alternative to a traditional marker—for 
example, serum cystatin C in place of, or alongside, 
creatinine for the evaluation of renal function—to 
compare different analytical systems (such as hi-
gh-throughput multichannel analysers versus smal-
ler platforms), or to evaluate alternative analytical 
methods (for instance, a chemical versus an enzy-
matic assay), the focus remains on analytical perfor-
mance, diagnostic yield, and the impact on patient 
outcomes. In the long term, improvements in or-
ganizational efficiency and healthcare costs are also 
expected.
Each of these interconnected perspectives requires 
robust supporting evidence; identifying and apprai-
sing such evidence lies at the core of EBLM.
In summary, the overall evaluation process can be 
structured into five phases:
1.	 Verification of technical-analytical perfor-
mance
2.	 Verification of diagnostic performance
3.	 Assessment of clinical impact (changes in 
diagnostic or therapeutic strategy, clinical outcomes, 
etc.)
4.	 Assessment of organizational impact (chan-
ges in patient management, hospital stay, workflow, 
etc.)
5.	 Assessment of economic impact
Laboratory professionals have long mastered To-
tal Quality Management (TQM) principles and are 
generally proficient in improving analytical quality 
and diagnostic performance. However, the evidence 
required for phases 3, 4, and 5 is often evaluated 
less extensively in laboratory settings. These pha-
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ses involve clinical practice guidelines (analogous 
to process maps or standard operating procedures), 
outcome measures (quantitative indicators of treat-
ment performance, like the role of QC in analyti-
cal systems), critical appraised topics (CATs), and 
cost-effectiveness and appropriateness studies.
This document aims to serve as a practical reference 
for laboratory professionals, providing appropriate 
terminology and the key theoretical and practical 
concepts needed to evaluate the essential parame-
ters that define the analytical and diagnostic per-
formance of an IVD test. Tests that directly assess 
genetic material (chromosomes, DNA, RNA) and 
microbiological or virological culture-based assays 
are excluded, as both the material analysed, and the 
techniques used require additional and distinct eva-
luation approaches

ANALYTICAL PERFORMANCE PARAMETERS
Analytical performance parameters describe the 
chemical and physical characteristics of a diagnostic 
test. They define the ability of an analytical system 
to detect and quantify a target substance in com-
plex biological matrices through chemical, enzyma-
tic, immunological, or other types of reactions, and 

to convert the resulting detection signal (e.g., color, 
fluorescence, radioactivity) into an electrical value 
proportional to the concentration of the analyte, re-
gardless of the measurement unit employed (amount 
of substance in µmol, mass in grams, biological acti-
vity in International Units, enzymatic activity in Ar-
bitrary Units, reaction time in seconds, and so forth).
These parameters apply primarily to quantitative 
tests, which generate continuous numerical results 
without a clear discontinuity between healthy and 
diseased populations. Quantitative assays are crucial 
both in diagnostic decision-making and in patient 
monitoring. For this reason, analytical performan-
ce—which constitutes an essential prerequisite for 
any diagnostic evalution – must be assessed and va-
lidated with high methodological rigor.
A central aspect of quantitative testing is the full 
evaluation of the calibration function (calibration 
curve) 
(Figure 1). This function is typically represented as 
a straight line or a curve on a Cartesian plot, where 
the x-axis shows the ana-lyte concentration and the 
y-axis displays the analytical signal produced by one 
or more calibrators (e.g., absorbance, fluores-cence, 
turbidity, radioactivity, reaction time).

(Figure 1). Example of a calibration curve. The vertical error bars represent ±3 standard deviations (SD) of the signal at each 
concentration level. At the Limit of Detection (LOD), the lower end of the error bar overlaps with the “zero” signal (reagent blank 
or sample blank). Within the linear range (from the LOQ to the UML), the analytical sensitivity is constant and corresponds to the 
slope of the calibration line (angular coefficient b in the equation y = a + bx). In the curvilinear portion of the curve, the analytical 
sensitivity varies at each concentration level.
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In contrast, when evaluating dichotomous qualita-
tive tests—which distinguish only two nominal ca-
tegories (e.g., negative/positive, healthy/diseased)—
and semiquantitative tests, which rely on ordered 
categories with an implicit direction (from lower to 
higher, or from better to worse), and are typically 
used in screening settings, manufacturers tend to fo-
cus primarily on diagnostic performance parameters.
It is important to note, however, that several qua-
litative assays (for example, ELISA or CMIA scre-
ening tests used in transfusion centres) generate an 
underlying continuous signal that is subsequently 
converted into a binary or ordinal result through 
predefined cut-off values. For such systems, certain 
characteristics typical of quantitative methods—such 
as the limit of detection—can be validated in a si-
milar manner. Furthermore, the cut-off can be op-
timised to maximise either sensitivity or specificity, 
depending on the intended clinical application.
The probability of obtaining results that truly reflect 
the patient’s clinical status (positive results in disea-
sed individuals and negative results in healthy ones) 
therefore depends closely on the analytical design of 
the assay. Therefore, the performance of different te-
sts targeting the same analyte may vary considerably 
across manufacturers and may improve substantially 
with technological advancements, leading to succes-

sive “generations” of assays.
A relevant example is the evolution of several routi-
ne tests into assays with “high analytical sensitivity,” 
such as hs-CRP or high-sensitivity troponins. These 
platforms can detect very low analyte concentrations 
with high accuracy and precision, allowing clinicians 
to identify small variations in circulating levels and 
thus stratify disease risk even within the low-con-
centration range.
 This technological progress enables, for instance, 
a substantial reduction in the time required to as-
sess troponin kinetics in suspected acute myocar-
dial infarction, leading to earlier diagnosis. Similar-
ly, high-sensitivity CRP can be used not only as a 
non-specific inflammatory marker but also to di-
stinguish, among hospitalised elderly patients with 
iron deficiency, those who will respond to oral iron 
therapy from those who will not.
Ultimately, analytical performance parameters have 
a direct impact on the quality of the diagnostic pro-
cess. Depending on the clinical context and the in-
tended purpose, it may be appropriate to use tests 
with differing analytical performances to measure 
the same analyte, provided that their operational li-
mitations and any restrictions on use are carefully 
considered.

Parameter (abbreviation) Definition Method of assessment and/or calculation

Sensitivity [analytical]
Sensitivity

Indicates the rate at which the detector 
signal changes for each increase in con-
centration. It does not apply to qualita-
tive tests.
It represents the slope (trigonometric 
tangent) of the calibration curve.
If the calibration function is linear 
(first-degree polynomial), an-alytical sen-
sitivity is constant over the entire con-
centration range and corresponds to the 
slope of the line (b). If the function is 
curvilinear, sensitivity varies with con-
centration.

The analytical sensitivity is the first derivative 
of the mathemat-ical function linking signal 
and concentration:
y = a + bx  →  y′ = b
y = a + bx + cx²  →  y′ = b + 2cx
y = a + bx + cx² + dx³  →  y′ = b + x·(2c + 3dx)

Selectivity
Selectivity

Ability of the test to measure only the 
molecule/substance of interest, without 
being affected by interfering substances 
or other components different from the 
analyte under investigation (sample ma-
trix composition).
NB: the use of the term “speci-ficity” is 
not recommended by IUPAC, and this 
term is not defined in VIM 3.

Comparison studies with a method based on 
a different and reliable physicochemical prin-
ciple.
Cross-reactivity studies, performed by adding 
to real samples molecules that are similar or 
potentially interfering with the method prin-
ciple, reaction ki-netics, or signal generation 
(mainly drugs, foods, and sub-stances of toxi-
cological interest).
In spectrophotometric tests, evaluation of the 
matrix effect for each sample using the serum 
index for haemoglobin, bilirubin, and lipemia.

Analytical Performance Parameters table
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Accuracy, Trueness, and Precision
Accuracy, trueness, and precision are the analytical 
parameters that most effectively define the perfor-
mance of a method. Together, they quantify the 
intrinsic uncertainty of any measurement and ulti-
mately determine the reliability of a result for its 
intended clinical use.
The accuracy of a laboratory result—its closeness 
to the “true” value—is inherently uncertain. It de-
pends on the ability of the measurement system (the 

combined contribution of human competence, te-
chnological instrumentation, and chemical–physical 
methodology) to be both true and precise.
Trueness describes how closely the measurement ap-
proaches the true or reference value of the analyte, 
while precision reflects the closeness of repeated 
measurements to each other (Figure 2).
Only when both trueness and precision are satisfac-
tory can a method be considered analytically accu-
rate.

Limit of detection
(LOD)

The lowest amount of substance that 
can be distinguished from instrumen-
tal background noise or from the blank 
sample with a defined probability (usual-
ly p = 0.01).
A blank sample is a matrix similar to the 
sample of interest but without the sub-
stance to be measured.
LOD is important for character-izing the 
method at its lower concentration limit, 
even if its clinical usefulness may so-
me-times be negligible when far be-low 
biological lower limits.

The LOD is not easy to determine and several 
criteria may be used:
Signal-to-noise criterion: concentration corre-
sponding to the mean background signal + 3 
standard deviations.
Limit variance criterion: LOD corresponds 
to the lowest concentration with a CV% of 
33.3%.
Calibration curve criterion: ex-trapolation 
toward zero of the calibration line, taking into 
ac-count analytical signal error.

Limit of quantification
(LOQ)

The lowest amount of substance that 
can be measured with an analytical er-
ror compatible with predefined goals 
for bias, preci-sion, and total error, as 
estab-lished by consensus at the First 
Strategic Conference of the EFLM, Mi-
lan, 2014.
Depending on the defined objective, 
LOQ may coincide with LOD but can 
never be lower.
A signal between LOD and LOQ indica-
tes that the analyte is de-tectable but not 
reliably quantifiable.
(LOQ is sometimes also referred to as 
the “Lower Measurement Limit”).

Empirical criterion (recom-mended): iden-
tification of the lowest measurable concen-
tra-tion with acceptable precision using the 
precision profile.
Theoretical criterion (not rec-ommended): 
concentration corresponding to 10 times the 
standard deviation of the mean background 
signal (approxi-mately 3.3 times the LOD cal-
cu-lated by the signal-to-noise method).

Upper measurement limit
(UML)

Highest concentration at which the 
analytical signal begins to deviate from 
the calibration line/curve.
After empirical verification of the dilu-
tion effect on the matrix, samples with 
concentrations higher than the UML 
may be an-alyzed after appropriate di-
lution.

It may correspond to the highest concentra-
tion used to construct the calibration curve or, 
after empirical verification, to a higher con-
centration extrapolated from it.

Measurement range
(MR)

The minimum (LOQ) and maxi-mum 
(UML) concentrations be-tween which 
analytical signal values can be interpola-
ted using the calibration line/curve.

MR = from LOQ to UML

Robustness
(of the analytical method)

Insensitivity of the method to small de-
viations from standard analytical condi-
tions.

Robustness testing by intention-ally introdu-
cing errors into the procedure, such as carryo-
ver from high samples; instrumental drift over 
time; small variations in temperature, incu-
bation times, and environmental condi-tions; 
evaluation of possible hook effect in ELISA 
tests at high antigen concentrations.
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Every laboratory result should ideally be reported 
together with two key elements: the measured va-
lue and its associated measurement uncertainty. The 
latter—which reflects both inaccuracy and impreci-
sion—represents the inherent error of the laboratory 
result (without implying any negative connotation). 
It is expressed using the same unit of measurement 
as the result itself or as a percentage relative to the 
measured value.
The expanded uncertainty defines the interval wi-
thin which the true value of the measurand lies with 
a predefined level of confidence, typically 95%. The 
smaller this uncertainty, the more reliable the re-
sult. Knowing the expanded uncertainty would al-
low clinicians to better assess the trustworthiness 
of a measurement, particularly when comparing it 

with reference limits, legal thresholds, or previous 
values, thereby supporting more informed clinical 
decision-making.
Influence of Precision on Reference Values
Reference intervals or reference values (RV) repre-
sent the expected distribution of results in a care-
fully selected “healthy” population, characterised by 
specific demographic, genetic, and environmental 
attributes (such as age, sex, diet, lifestyle, absence 
of defined pathological conditions, chronobiological 
factors, etc.). Clinicians use these intervals to inter-
pret patient results obtained from individuals whose 
characteristics are broadly comparable to those of 
the reference population. For this reason, they are 
often—though imprecisely—described as “normal 
values.”

Figure 2. Graphical representation of the two components of accuracy: trueness and precision. Adapted from Dr. Jan-Frederik 
Gürh, University of Munich).

Measurement Accuracy, Trueness, and Precision table

Parameter (abbreviation) Definition Method of assessment and/or calculation

Measurement accuracy
(of the result)

Degree of agreement between a measu-
red value and the true value of a mea-
surand (VIM 2.13).
Measurement accuracy de-scribes how 
close a single meas-urement result is 
to the true value (VIM 2.11). Accuracy 
therefore includes the effect of both 
precision and trueness.

Accuracy cannot be assigned a numerical va-
lue; measurement results are described as being 
“more accurate” when meas-urement errors, 
and therefore measurement uncertainty, are 
smaller.
Measurement accuracy cannot provide a quan-
titative indication of the reliability of measure-
ment results. For this purpose, an es-timate of 
measurement uncer-tainty is required.

Measurement trueness
(of the analytical method)

Degree of agreement between the ave-
rage of an infinite num-ber of measu-
red values and a reference value (VIM 
2.14).
Measurement trueness ex-presses the 
hypothetical ability of a measurement 
procedure to produce results close to 
ex-pected reference values for that 
quantity, such as the value of a certified 
reference material (CRM) (VIM 5.14).

Trueness is not a quantity and therefore cannot 
be expressed numerically. However, trueness 
varies inversely with systematic error (VIM 
2.17), which can be evaluated as the mean me-
as-urement deviation (bias) relative to a refe-
rence value (VIM 2.18).
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Three fundamental considerations are essential 
when interpreting reference intervals:
1.	 Inter-laboratory variability: A result conside-

red “normal” in one laboratory may be judged 
abnormal in another. This means that all clini-
cal interpretations must rely on the reference 
intervals provided by the same laboratory that 
performed the analysis. Despite high levels of 
trueness and precision in modern analytical 
methods, variability persists across laborato-
ries due to differences in reference materials, 
measurement principles, reagent formulations, 
analytical platforms, and calibration procedures. 
Although international harmonisation efforts 
are ongoing, universally applicable reference in-
tervals are not yet available for many laboratory 
tests.

2.	 Interpretation of “normal” results: A value 
within the reference interval does not necessa-
rily indicate the absence of disease. For most 
laboratory tests, the distributions of results in 
healthy and diseased individuals partially over-
lap. When the Harris index of individuality (the 

ratio of intra-individual to inter-individual bio-
logical variation) is low (K < 0.5), an individual’s 
results may remain within the reference limits 
even in the presence of early or mild pathology.

3.	 Interpretation of “abnormal” results: A value 
outside the reference interval is not automati-
cally indicative of disease. Reference intervals 
are established through statistical analyses per-
formed on healthy populations under standar-
dised conditions; therefore, some healthy indi-
viduals may naturally fall outside these limits, 
particularly when values lie close to the boun-
daries (2.5th and 97.5th percentiles).

An additional, less frequently examined aspect con-
cerns the effect of analytical precision on the de-
termination of reference intervals. These intervals 
depend on both the biological variability between 
individuals (VB), which cannot be removed, and the 
analytical variability (Va), which is intrinsic to the 
measurement system in use. Although analytical va-
riability cannot be eliminated, it can be kept within 
acceptable limits to ensure appropriate clinical ap-
plication—this is the basis of the “analytical perfor-

Figure 3. Example of a precision profile corresponding to the calibration curve shown in Figure 1. The LOQ is positioned at the 
minimum acceptable analytical target (in this example around 8%), and across the entire linearity range (from LOQ to UML) 
the precision remains better than this minimum target. For simplicity, the LOD is placed at a CV of approximately one-third of 
100%. Any CV value greater than 33.3% prevents distinguishing, with 99% statistical confidence, background noise (absence of 
analyte) from the signal of any sample, because the lower confidence limit at p = 0.01 for any result x would equal zero: x − (3 
× 0.333 × x) = 0

Measurement precision
(of the analytical method)

Dispersion of repeated meas-urements 
on the same sample around the mean 
value (Type A uncertainty, obtained by 
statisti-cal methods from experimental 
data; this differs from non-statistical 
Type B methods based on manufactu-
rers’ data for instruments and calibra-
tors or on prior experience).
VIM 3 defines three measure-ment 
conditions for precision: repeatability 
conditions (VIM 2.20), intermediate 
precision conditions (VIM 2.22), and 
re-producibility conditions (VIM 2.24).

Typically, dispersion across the measurement 
range varies as a function of concentration.
It is therefore important to as-sess the “pre-
cision profile” (Fig-ure 3) of each quantitative 
method, evaluating how the standard deviation 
and CV% vary within the established meas-ure-
ment range (MR), with par-ticular attention to 
extreme val-ues near the LOQ and the UML.
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mance goal” or “analytical target.”
According to the law of error propagation, the squa-
re root of the sum of the variances of these two 
independent components determines the total varia-
bility (Vt), which in turn defines the width of the 
reference interval (Figure 4). Unfortunately, many 
studies on biological variability do not report the 
analytical imprecision, making comparisons across 
laboratories that use different analytical systems dif-
ficult.
When the sources of variability are expressed as co-
efficients of variation (CV), the total CV can be cal-
culated as follows:

Note. The total variance should ideally include not 
only the analytical variance and the biological va-
riance, but also the pre-analytical variance—namely, 
all factors preceding the actual analytical process 
that may increase overall variability. These include 
patient preparation, timing and method of sample 
collection, sample type and container, post-col-
lection handling, environmental conditions, and 
other similar influences.
When these variables are properly controlled, their 
effect can be considered negligible or, in practical 
terms, included within the analytical variance.

Impact of the Pre-analytical Phase on 
Analytical Performance
The pre-analytical phase represents the main source 
of error in the clinical laboratory and may direct-
ly affect the reliability of the final analytical result. 
Before the measurement itself is performed, seve-
ral variables can modify the concentration, stability, 
detectability or interpretability of the measurand. 
These variables include patient preparation, fasting 

status, posture, physical activity, timing of collection, 
circadian variation, drug intake, venous stasis, sam-
ple type, tube selection, anticoagulant or additive, 
order of draw, sample volume, mixing, clotting time, 
centrifugation, transport temperature, storage time 
and possible haemolysis, icterus or lipaemia.
From an EBLM perspective, sample quality is there-
fore an essential component of analytical performan-
ce. Even when a method shows adequate trueness, 
precision and measurement uncertainty under con-
trolled conditions, an unsuitable or unstable sample 
may generate a result that is analytically measurable 
but clinically misleading. Pre-analytical variability 
may widen the overall uncertainty associated with 
the result, increase the probability of false positive 
or false negative classifications around decision limi-
ts, and reduce the comparability of serial measure-
ments used for monitoring or for the calculation of 
the Reference Change Value.
For this reason, verification of analytical performan-
ce should be accompanied by procedures aimed at 
controlling pre-analytical quality: clear patient pre-
paration instructions, standardised collection and 
transport protocols, defined sample acceptance and 
rejection criteria, monitoring of haemolysis/icterus/
lipaemia indices where applicable, documentation of 
non-conformities, and communication with clini-
cians when sample quality may affect interpretation. 
In this sense, the pre-analytical phase is not merely 
an operational prerequisite but a determinant of the 
clinical validity of the laboratory information provi-
ded to the patient-care pathway.
In summary, reference intervals are essential tools in 
clinical practice, yet their interpretation must always 
be contextualised by considering the characteristics 
of the reference population, the individual patient, 
the analytical performance of the measurement sy-
stem, and the inherent limitations of the methods 
employed.

Figure 4. Illustrative si-
mulation of how increasing 
analytical imprecision af-
fects the width of the refe-
rence interval for plasma 
glucose (mean value fixed 
at 85 mg/dL; biological CV 
for glucose = 8.0%). As the 
analytical CV increases, the 
reference interval widens 
substantially—from ap-
proximately 71–99 mg/dL 
at low analytical variability 
to about 56–114 mg/dL at 
higher variability—thereby 
markedly complicating cli-
nical interpretation.
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Influence of Precision on the Reference 
Change Value
Analytical precision also affects the calculation of the 
Reference Change Value (RCV), which is essential 
in follow-up assessment to determine whether the 
difference between two results obtained at different 
times in the same individual is statistically signifi-
cant (Figure 5).
The RCV between two measurements corresponds 
to twice the standard error of the mean (±SEM), 
multiplied by the z-value associated with the se-
lected confidence level.
RCV = z × √2 × √(CVa² + CVi²)    for p = 0.05 
and z = 1.96    RCV = 2.77 × √(CVa² + CVi²)
The example below refers to the measurement of 
plasma glucose, for which the median intra-indivi-
dual biological variability (CVi) is 4.7%.

In other words, when the analytical CV is no greater 
than half of the biological CV (2.35% in this exam-
ple, indicated by the orange arrow), the additional 
contribution of analytical variability to the total va-
riability remains modest—only an 11.8% increase 
(from 4.7%, due solely to CVi, to 5.3%). Beyond this 
point, the total variability increases more rapidly.
This is why an analytical CV not exceeding half of 
the intra-individual biological CV is generally con-
sidered acceptable.

Premise to Diagnostic Performance Pa-
rameters: The Cut-off
The probability that a test will generate clinically 
meaningful information—distinguishing diseased 
from healthy individuals, assessing treatment effecti-
veness, and so on—depends primarily on how the 

Figure 5. Variation of the Reference Change Value (RCV) and total coefficient of variation (CVt) as a function of analytical 
imprecision. With a constant intra-individual biological variability (CVi) of 4.7%, each increase in analytical variability (CVa 
ranging from 0 to 15%) affects both parameters illustrated:
•	 the blue line (triangles, left axis) shows the RCV required for a change between two results to be statistically significant;
•	 the red line (squares, right axis) shows the corresponding rise in total variability (CVt), which increases from 4.7% to 15.7%.
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test is designed, the fundamental mechanism throu-
gh which it operates, and the nature of what it mea-
sures. In other words, diagnostic usefulness is rooted 
in the test’s intrinsic analytical performance and in 
how reliably it is executed in the laboratory.
That said, understanding the parameters that quan-
tify diagnostic performance is essential for using 
any test appropriately in real clinical settings. It also 
enables an objective comparison of tests that may 
appear similar but differ in manufacturing, techno-
logy, or analytical characteristics.
Regardless of whether a test is qualitative, se-
mi-quantitative, or quantitative, a cut-off value must 
be established. This threshold defines the boundary 
between healthy and diseased individuals, or betwe-
en improvement and deterioration, depending on 
the clinical context.

In summary (if higher values indicate deterioration 
or disease):
•	 Lowering the cut-off increases sensitivity at the 

expense of specificity (fewer false negatives and 
more true positives, but also more false positi-
ves);

•	 Raising the cut-off increases specificity at the 
expense of sensitivity (fewer false positives and 
more true negatives, but also more false nega-
tives

As a rule, a highly sensitive test is preferable when 
failing to detect a disease would have serious conse-
quences—such as in epidemic screening or situations 
where missed or delayed diagnoses pose significant 
risks. Conversely, a highly specific test is preferable 
when a false-positive result could expose the patient 
to harm, for example by triggering unnecessary risky 
treatments or invasive procedures. 

Diagnostic Cut-off – Table

Parameter Definition (EN) Study / Calculation Method (EN)

Cut-off (c/o)

In quantitative tests, the cut-off is 
the concentration that determines a 
medical decision in a specific clini-
cal context. In qualitative tests, it is 
the analytical or sensory signal below 
which the result is considered nega-ti-
ve and above which it is considered 
positive for a given clinical condition.

Statistical evaluation of data from 
healthy and diseased populations; 
ROC and CPD Cut analyses; efficien-
cy analysis; clinical cost effectiveness 
assessment; social cost benefit evalua-
tion; mandatory legal thresh-olds (e.g., 
forensic toxicology).

Diagnostic Performance Parameters In-
dependent of Prevalence
Prevalence-independent parameters are extremely 
useful for comparing analytical methods with one 
another, but they are less informative from a diagno-
stic standpoint. Except in the rare case of a test that 
provides perfectly correct classifications (Se and/or 
Sp = 1), these parameters do not indicate the pro-
bability that, within a given population, a positive 
result truly corresponds to a diseased individual or a 
negative result to a healthy one. In other words, they 
have no predictive value.
Their calculation relies on a 2 × 2 contingency table 
(Table 1), in which individuals classified as “healthy” 
or “diseased” (based on clinical and instrumental 
gold-standard criteria independent of the test being 
evaluated) are further subdivided into “negative” and 
“positive” according to the test result and the se-
lected cut-off.
In dichotomous qualitative tests, the cut-off is 
established by the manufacturer and reported in the 
technical specifications of the assay. In quantitative 
tests, which yield a continuous numerical result, the 
cut-off may be selected by the user according to the 
specific clinical objective, even independently of the 
reference values provided by the manufacturer.

In qualitative tests, the cut-off is determined by the 
test design itself and specified by the manufacturer 
in accordance with the EU Regulation on in vitro 
diagnostic medical devices (IVDR 2017/746), with 
particular attention to higher-risk tests (Class D). 
These assays may have a substantial impact on pa-
tient health and must therefore comply with very 
strict Common Specifications, whose conformity 
must be verified by a European Union Reference La-
boratory. Such highly “sensitive” tests are used for 
applications with major clinical implications, inclu-
ding blood-group typing and the detection of in-
fectious agents such as hepatitis viruses, HIV, SARS-
CoV-2, and other serious conditions.
In contrast, for quantitative tests—once reference 
values have been locally validated in healthy indivi-
duals—the optimal cut-off may be selected by the la-
boratory according to the specific clinical and opera-
tional context, based on the medical objectives to be 
achieved. This choice is guided by an understanding 
of the natural history of the disease and the clinical 
and economic consequences of incorrect classifica-
tion: missed diagnoses leading to lack of necessary 
treatment, or, conversely, over-diagnosis with unne-
cessary and potentially harmful interventions.
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Diseased Subjects Healthy Subjects Total

Positive test TP FP TP + FP 
(total positive tests)

Negative test FN TN FN + TN 
(total negative tests)

Total TP + FN 
(total diseased)

FP + TN 
(total healthy)

TP + FP + FN + TN 
(total individuals examined)

Table 1. Distribution of Test Results

Table 1. TP = True Positives; FP = False Positives; FN = False Negatives; TN = True Negatives.

Diagnostic Parameters table

Parameter (abbreviation) Definition Method of assessment and/or calculation

Diagnostic Sensitivity (Se)
True Positive Rate (TPR)

Ability of the test to provide po-
sitive results in diseased sub-jects; 
proportion of true posi-tives (TP) 
over all diseased indi-viduals (TP 
+ FN).

In subjects confirmed to have the disease: 
Se = TP / (TP + FN) Desired value = 1 
(when FN = 0)

Diagnostic Specificity (Sp)
True Negative Rate (TNR)

Ability of the test to provide ne-
gative results in healthy sub-jects; 
proportion of true nega-tives (TN) 
over all healthy indi-viduals (TN 
+ FP).

In healthy subjects or those with con-
founding conditions: Sp = TN / (TN + 
FP) Desired value = 1 (when FP = 0)

Diagnostic Accuracy 
(ACC)

Number of correct results (TP + 
TN) over the total number of tests 
performed.

ACC = (TP + TN) / (TP + FP + TN + 
FN) Desired value = 1 (when FP = 0 and 
FN = 0)

ROC Curve – Receiver Operating Characteristic Curve (ROC)
Parameter (abbreviation) Definition Method of assessment and/or calculation

ROC Curve Receiver 
Operating Characteristic 
Curve (ROC) (The name 
originates from radar sig-
nal detection termino-
logy used during World 
War II)

The ROC curve is a two-dimensio-
nal plot that relates Sensitivity and 
Specificity for a quantitative test 
as the cut-off value changes. Each 
point on the curve corresponds to 
a specific combination of Se and Sp 
associ-ated with a given threshold. 
The ROC curve provides a com-
pact visual summary of the glo-
bal diagnostic performance of a 
method, independently of dis-ease 
prevalence. By comparing ROC 
curves, it is possible to evaluate 
different diagnostic methods.
The ROC curve must be inter-pre-
ted carefully, especially when class 
sizes are unbalanced. It does not 
directly indicate clin-ically opti-
mal cut-offs. This limita-tion may 
be overcome by pairing the ROC 
curve with a CPD-Cut (Diagnostic 
Performance Curve by Cut-off).

X-axis: 1 − Sp [1 − (TN / (FP + TN))] 
(false-positive rate among healthy indivi-
duals) 
Y-axis: Se [TP / (TP + FN)] (true-positive 
rate among dis-eased individuals)
(Figure 6)
An ideal model rises vertically to the 
point (0,1) and then runs horizontally, 
indicating perfect Sensitivity and Specifi-
city. Real ROC curves deviate toward the 
diagonal depending on model quality and 
data distribution.
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Area Under the Curve
Area Under the Curve 
(AUC)

The area under the ROC curve 
provides a numerical measure of a 
test’s overall ability to distin-gui-
sh between healthy and dis-eased 
individuals across all pos-sible cut-
off values.
It represents the probability (from 
0.5 to 1) that a diseased individual 
will have a higher (more positive) 
test result com-pared to a healthy 
individual.

The AUC is calculated by inte-grating—
graphically or mathe-matically—the area 
under the ROC curve.
Maximum value = 1.0 (perfect test)
Minimum value = 0.5 (no dis-crimina-
tion, equivalent to ran-dom classifica-
tion).

Youden Index
Youden Index (YI)

The Youden Index identifies the 
point on the ROC curve that lies 
furthest from the diagonal and 
minimises the combined number 
of FP and FN. It conceptually re-
flects the same idea as diagnostic 
accuracy.

The Youden Index can be as-sessed 
graphically or computed using:
YI = max [Se – (1 − Sp)]
The highest value determines the optimal 
cut-off.

Figure 6. Example of a real ROC curve. The area between the curve and the diagonal (AUC, or diagnostic efficiency area) can 
range from 0.5—when the curve overlaps the orange diagonal in the graph, indicating a useless test that does not discriminate 
between positives and negatives—to 1, when the curve forms an inverted right isosceles triangle whose hypotenuse is the graph’s 
diagonal and whose two legs meet at the point (0,1). In this ideal case, the test shows perfect discrimination between healthy and 
diseased subjects (FN and FP = 0).
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The likelihood ratio represents the connecting ele-
ment between diagnostic performance parameters 
that are independent of disease frequency in the 
tested population (non-predictive parameters) and 
predictive parameters, which are strongly influenced 
by the prevalence of the condition in the studied 
group.
In summary, the positive (LR+) and negative (LR–) 
likelihood ratios are extremely useful because, al-
though they are not direct predictive instruments 
(they do not in themselves express a “statistical pro-
bability”), they synthetically quantify the diagnostic 
strength of a test in relation to a positive or nega-
tive result.

The likelihood ratio provides a practical alternative 
to the ROC curve in the preliminary evaluation of a 
diagnostic test. However, its main value lies in ma-
king Bayes’ statement operational:
“The probability that a test result corresponds—or 
does not correspond—to the presence of a disease 
depends on the pre-test probability and on the dia-
gnostic strength of the test itself.”
By knowing these two elements, it becomes possible 
to estimate the probability of having—or not ha-
ving—the disease after the test has been performed.

Likelihood Ratios (LR+ and LR–)

Parameter (abbreviation) Definition Method of assessment and/or calculation

Positive Likelihood Ratio
Positive Likelihood Ratio (LR+)

Ratio between the probabi-
lity of obtaining a positive 
result in a diseased indivi-
dual and the probability of 
obtaining a posi-tive result 
in a healthy individual.

For example, with Sensi-
tivity and Specificity both 
at 90%, the test will yield 
a positive result nine times 
more frequently (0.9 / 0.1) 
in diseased subjects than in 
healthy subjects.

(Note: ratios based on the 
num-ber of cases refer to odds, 
not probabilities.)

LR+ = Se / (1 – Sp)

LR+ = Ωpost+ / Ωpre

The desirable value tends to-ward in-
finity.

(Note: LR+ may also be inferred graphi-
cally from the ratio be-tween the y- and 
x-axis on the ROC curve.)

Negative Likelihood Ratio
Negative Likelihood Ratio (LR–)

Ratio between the probabi-
lity of obtaining a negative 
result in a diseased indivi-
dual and the probability of 
obtaining a nega-tive result 
in a healthy individual.

For example, with Sensiti-
vity and Specificity both at 
90%, the test will yield a 
negative result nine times 
less frequently (0.1 / 0.9) in 
diseased subjects than in he-
althy subjects.

LR– = (1 – Se) / Sp

LR– = Ωpost– / Ωpre

The desirable value tends to-ward 0.
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Interpretation Criteria for Positive and 
Negative Likelihood Ratios

The table 2 provides a general indication of how 
much the diagnostic strength of a test modifies the 
pre-test probability toward the post-test probability.

In summary:
•	 A test with a likelihood ratio of 1.0 provides no 

information, and its results do not modify the 
post-test probability of disease, which therefore 
remains identical to the pre-test probability.

•	 A likelihood ratio greater than 1.0 increases the 
post-test probability of disease; the larger the 
likelihood ratio, the more informative a positive 
test result becomes (the higher the probability 
of being diseased after the test).

•	 A likelihood ratio less than 1.0 decreases the 
post-test probability of disease; the smaller the 
likelihood ratio, the more informative a negati-
ve test result becomes (the lower the probability 
of being diseased after the test).

Finally, it is worth emphasizing that when dealing 
with quantitative tests—where each possible result 
has its own sensitivity, specificity, and likelihood ra-
tio—it is possible to build useful comparison tables 
showing the diagnostic “strength” (LR+) associated 
with individual results across the measurement ran-
ge of the method, independently of disease preva-
lence (Table 3).

Diagnostic Performance Parameters De-
pendent on Prevalence
Impact of Prevalence on Diagnostic 
Predictive Value
As briefly outlined earlier, all analytical performan-
ce parameters—and some diagnostic performance 

parameters—are independent of the proportion of 
healthy and diseased individuals in the population. 
Their main use lies in comparing tests produced by 
different manufacturers and in selecting the most 
suitable assays for screening campaigns or for bio-
chemical or epidemiological studies.
Other diagnostic performance parameters, however, 
are heavily influenced by the prevalence of the di-
sease or condition within the population being stu-
died, and their use becomes particularly relevant in 
everyday clinical practice.
Prevalence is the proportion of individuals with the 
disease in a population, during a given period, rela-
tive to the total population.

WARNING: The apparent prevalence (calculated 
based on a test result and therefore affected by the 
number of false positives) must not be confused 
with the true prevalence (point prevalence), which 
is determined through other types of studies using 
gold-standard methods (Figure 7).

Table 2. Diagnostic “strength” of a positive or negative result in modifying the pre-test probability.

LR+ LR– Increase of pre-test probability

1 – 2 1 – 0.5 Not clinically significant

2 – 5 0.5 – 0.2 Slight increase

5 – 10 0.2 – 0.1 Moderate increase

> 10 < 0.1 Strong increase

Table 3. Sensitivity, Specificity, LR+, and LR– for four cut-off values of serum creatine phosphokinase (CPK) levels in the dia-
gnosis—prior to the troponin era—of acute myocardial infarction. (Example adapted from: Katz DL, Clinical Epidemiology & 
Evidence-Based Medicine: Fundamental Principles of Clinical Reasoning, SAGE Publications, Inc., 2001 
– DOI: https://doi.org/10.4135/9781452232638)

CPK Values (U/L) Cut-off (UI/l) Sensitivity Specificity LR+ LR-

<80 80 98% 12% 1.11 0.17

80-150 150 94% 60% 2.35 0.10

151-220 220 86% 84% 5.38 0.17

221-280 280 66% 96% 16.5 0.35

https://doi.org/10.4135/9781452232638


jo
u

rn
al

 o
f

ad
va

n
c

ed
 h

ea
lt

h
 c

ar
e

o
ff

ic
ia

l 
jo

u
rn

al
 o

f 
ts

rm
 p

st
rp

Year 2026 - Volume 8 Issue 316 JAHC (ISSN 2704-7970)

www.jahc.it

R
ES

EA
R

C
H

 A
R

TI
C

LE

The prevalence of a disease within a homogeneous 
group of individuals, as used in epidemiological stu-
dies, is logically related to the pre-test probability 
applied in clinical diagnostics.
In fact, the probability that a disease (or event) will 
occur in a patient whose clinical information is unk-
nown corresponds to the frequency with which that 
disease or event typically occurs in the population to 
which the patient belongs.
Every clinician should aim to produce the most re-
liable possible estimate of the pre-test probability; 
however, owing to its inherently subjective natu-
re, no universally valid calculation method can be 
recommended. In practice, the more extensive the 
clinician’s understanding of the disease—its preva-
lence in the general population, its frequency within 
specific subgroups defined by ethnicity, age, sex, or 
associated risk factors—the more accurate this esti-
mate will be.
By way of example, in Italy an adult presenting to the 
Emergency Department for an injury has a very low 
pre-test probability, below 0.1%, of testing positive 
for hepatitis B or C if they are a regular blood donor 
(reflecting the prevalence in the donor population). 
If the same individual is not a habitual donor, the 
probability increases to roughly 1–2% (the estimated 
prevalence in the general population), representing 
at least a twenty-fold difference.
To these sources of information—which are not 
always readily obtainable from the literature—one 
must add the indispensable contribution of clinical 
experience. Elements such as medical history, physi-
cal examination, and symptom assessment can sub-
stantially increase or decrease the clinician’s pre-test 
probability estimate.
Unfortunately, even today prevalence studies are in-
sufficient, often conducted using non-standardized 
and outdated methods, and generally limited to a 
few diseases of major interest or social impact (epi-
demiological studies).

Prevalence and Diagnostic Accuracy 
Studies
As discussed so far, sensitivity, specificity, and like-
lihood ratios are intrinsic characteristics of a dia-
gnostic test and are not expected to change with va-
riations in the prevalence of the target condition in 
the study sample. The logic behind this assumption 
lies in the mathematical calculation of these measu-
res derived from the classic 2 × 2 diagnostic table, in 
which prevalence does not appear.
However, recent meta-analyses of diagnostic accu-
racy have shown that sensitivity and specificity do 
change—beyond their confidence intervals—as dise-
ase prevalence varies higher disease prevalence is as-
sociated with higher estimated sensitivity and lower 
estimated specificity.
The explanation for this phenomenon, which may 
appear to contradict the principles of EBLM, can be 
found in the heterogeneity of the disease spectrum 
(the variety of clinical manifestations and range of 
possible outcomes of a given pathological condition) 
within the patient groups used in diagnostic accu-
racy studies. Different prevalence levels may there-
fore reflect different disease spectra (essentially, a 
different “target condition” for the test), resulting in 
uncertainty in sensitivity and specificity estimates. 
This uncertainty also affects likelihood ratios—deri-
ved from sensitivity and specificity—and can ultima-
tely influence predictive values.
In conclusion, these recent findings do not contradi-
ct the theoretical foundations of EBLM. Instead, they 
should encourage researchers conducting original 
diagnostic accuracy studies to pay close attention to 
the disease spectrum in their sample, ensuring that it 
matches the disease spectrum of the population that 
will undergo testing in clinical practice. Additionally, 
when the spectrum or prevalence of the condition 
is highly variable, researchers should plan stratified 
analyses by disease severity and spectrum, following 
the rigorous methodologies outlined in the most re-
cent (2015) version of the STARD recommendations 
(Standards for Reporting of Diagnostic Accuracy).

Figure 7. Difference between apparent prevalence and true prevalence (Prof. Ezio Bottarelli: Quaderno di Epidemiologia)
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Predictive parameters of disease (PPV) or absence of disease (NPV)

Parameter (abbreviation) Definition Method of study and/or calculation

Prevalence (Pr) Given a population composed 
of healthy and diseased indivi-
duals, prevalence indicates the 
rate of disease cases within the 
total population during a defined 
time period.

Pr = Diseased / (Healthy + Dise-
ased)
Pr is a probability and can range 
from 0 to 1 (or from 0% to 100%).

Pre-test Odds (Ωpre) Given a population composed of 
healthy and diseased individuals, 
Ωpre represents, as a ratio, the 
share of diseased individuals re-
lative to healthy individuals, as 
known or estimated before per-
forming the test.
It is a different way of expres-
sing disease prevalence: not as a 
probability but as a ratio betwe-
en proportions.
Like prevalence, it can be known 
or estimated before performing 
the laboratory test.

Ωpre = Diseased / Healthy
(The denominator does not inclu-
de the total population [healthy 
+ diseased], as in prevalence, but 
only the number of healthy indivi-
duals.)
Ωpre = Pr / (1 – Pr)  We have 1 
diseased and 4 healthy subjects: 
an odds of 0.25 indicates that the 
diseased proportion is one quarter 
that of healthy individuals (1/4 = 
0.25).
In probability terms (prevalence), 
the probability is 1 in 5 → 1/(4+1) 
= 0.20.

Post-test Odds (Ωpost+ / Ωpost–) Ωpost+ indicates the share of di-
seased individuals who test posi-
tive (TP) relative to healthy in-
dividuals who test positive (FP).
(odds of being diseased if the 
test is positive)
Ωpost– indicates the share of 
diseased individuals who test 
negative (FN) relative to healthy 
individuals who test negative 
(TN).
(odds of being diseased if the 
test is negative)

(Note: for both Ωpost+ and 
Ωpost–, the numerator always 
includes diseased subjects, TP 
or FN.)

In case of
LR+:Ωpost+ = TP / FP Ωpost+ = 
Ωpre × LR+

In case of
LR–: Ωpost– = FN / TN Ωpost– = 
Ωpre × LR– 

(Note: Ωpost represents a line 
whose slope is LR.)

ppost– Number of FN over the total 
number of negative results.
Probability that a subject is di-
seased given a negative result 
(FN).

ppost– = FN / (TN + FN)
ppost– = Ωpost– / (Ωpost– + 1)
ppost– = 1 – NPV Range: 1 → 0
Desirable value = 0.0

ppost+ Number of TP over the total 
number of positive results.
Probability that a subject is dise-
ased given a positive result (TP).

ppost+ = TP / (TP + FP)
ppost+ = Ωpost+ / (Ωpost+ + 1)
ppost+ = PPVRange: 0 → 1
Desirable value = 1.0
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“Odds” and “statistical probability” are 
not the same thing
The term odds originate from Anglo-Saxon betting 
language—where bookmakers express probability as 
the ratio between potential winnings and the sta-
ke—and can be translated as “quota” or “ratio.” It is 
essential to note that odds is used only in the plural.
Both odds and prevalence refer to the same under-
lying concept: an estimate of the probability that a 
specific condition will occur (for example, a positive 
or negative test result) within a defined population. 
Although they describe the same phenomenon, the 
two terms must not be confused.
More precisely, odds represent, separately within 
the groups of healthy and diseased individuals, the 
ratio between true and false classifications: in the 
diseased group, the ratio of true positives to false ne-
gatives (TP/FN), and in the healthy group, the ratio 
of false positives to true negatives (FP/TN). (Note: 
the numerator always refers to the diseased cases.)
Prevalence, by contrast, represents the proportion of 
diseased or healthy individuals relative to the total 
population under study—for example, the propor-
tion of diseased subjects in a mixed population.
Thus, odds compare different categories (test positi-
ves vs. test negatives) within a homogeneous group 
(healthy or diseased), whereas prevalence represents 
the probability of a condition in the entire popula-
tion of interest, composed of both healthy and dise-
ased individuals.
Another distinguishing feature is the measurement 
scale. Although both quantities increase monotoni-
cally (that is, as one increase, the other always in-
creases), their relationship is not linear: statistical 
probability ranges from 0 to 1, whereas odds range 
from 0 to infinity.
This property—especially when probability approa-
ches its upper limit (1 or 100%)—makes differences 

in odds easier to detect. Indeed:
•	 When probability is low (near 0), odds tend to 

be very close to the probability itself.
•	 When probability is high (near 1), odds tend to 

diverge sharply from the probability value.
Furthermore, odds allow for more sophisticated ma-
thematical modeling than proportions, such as in 
logistic regression.
Having clarified the differences between the two 
concepts—and since medicine typically reasons in 
terms of probability (a more intuitive and familiar 
concept) rather than odds—odds can be easily con-
verted to probability (and vice versa) using the fol-
lowing formulas:

Probability = odds / (odds + 1)
Odds = probability / (1 – probability)

A final caution: odds (and certainly not LR values) 
must not be confused with the better-known odds 
ratio, which is frequently used in epidemiology and 
in case–control studies to evaluate the association 
between exposure to a risk factor and an outcome in 
two groups of individuals—exposed and non-expo-
sed.
Within the framework of EBLM, it is essential to 
fully understand the positive predictive value (PPV) 
and negative predictive value (NPV) of a diagnostic 
test, as these allow the correct interpretation of re-
sults in relation to the actual probability of the pre-
sence or absence of a condition or disease.
By applying Bayes’ theorem, the post-test probabili-
ties of a positive or negative result can be computed 
directly on a simple spreadsheet. This approach re-
lies, on one hand, on estimating the pre-test proba-
bility of disease in the population of interest, and on 
the other hand, on applying the diagnostic sensiti-
vity and specificity (or the likelihood ratios derived 
from them), as calculated in validation studies of 

Negative Predictive Value (NPV) Number of TN over the total 
number of negative results.
Probability of obtaining a nega-
tive result in a healthy subject 
(TN).
(Probability of being healthy if 
the test is negative.)

Note: NPV is the complement of 
ppost– (NPV = 1 – ppost–).

NPV = TN / (TN + FN)
NPV = (Pr × LR–) / [(Pr × LR–) 
+ (1 – Pr)]
NPV = Sp × (1 – Pr) / [Sp × (1 – 
Pr) + (1 – Se) × Pr]
Range: 0 → 1
Desirable value = 1.0

Positive Predictive Value (PPV) Number of TP over the total 
number of positive results.
Probability of obtaining a posi-
tive result in a diseased subject 
(TP).
(Probability of being diseased if 
the test is positive.)

Note: PPV coincides with 
ppost+ (PPV = ppost+).

PPV = TP / (TP + FP)
PPV = (Pr × LR+) / [(Pr × LR+) 
+ (1 – Pr)]
PPV = Se × Pr / [Se × Pr + (1 – Sp) 
× (1 – Pr)]
Range: 0 → 1
Desirable value = 1.0
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commercial methods and reported in the correspon-
ding technical inserts.

Ultimately, a laboratory test can be considered cli-
nically valid and effective when it is able to provi-
de a substantial amount of useful information that 
contributes meaningfully to the clinician’s diagnostic 
reasoning, and when the therapeutic decisions based 
on its results lead to significant improvements for 
the patient.
From this standpoint, the usefulness of a test is spe-
cific to each individual situation the clinician must 
address in daily practice. For this reason, the cli-
nician can never overlook—without jeopardizing 
the entire diagnostic and therapeutic process—the 
understanding of the diagnostic performance and 
efficiency parameters that every laboratory test can 
offer.
The use of in vitro tests that lack adequate infor-

mation on their diagnostic performance (including 
the estimation of confidence intervals) is strongly 

discouraged, as this would lead to an interpretation 
of results that overlooks the essential probabilistic 
component that characterizes the entire diagnostic 
process.

Fagan’s Nomogram
Another tool that can be used for the approximate 
calculation of PPV and NPV—although unfortuna-
tely rarely used in daily practice—is Fagan’s nomo-
gram (Figure 8): a simple and useful “instrument” 
that every clinician should ideally keep in the pocket 
of their lab coat.
This graphical device allows the estimation of ppost+ 
(PPV) or ppost– (1 – NPV) starting from ppre (pre-
valence) and from the likelihood ratios (LR+ or 
LR–), which can be easily derived from the values of 
sensitivity and specificity.

		  Se • Pr			                Pr • LR+
PPV  =  --------------------------------------  =  -----------------------
	  Se • Pr + (1 - Sp) • (1 - Pr)	         1 - Pr + Pr • LR+

	           Sp • (1 - Pr)			       1 - Pr
NPV  =  --------------------------------------  =  ------------------------
	  Sp • (1 - Pr) + (1 –Se) • Pr	         1 - Pr + Pr • LR−

Figure 8. Fagan’s nomogram. Draw a straight line connecting the value of ppre on the left-hand scale with the value of LR+ or 
LR– in the centre, in order to obtain, at the point of intersection with the right-hand scale, the posterior probability, that is, the 
prior probability updated on the basis of the likelihood ratio that characterises the test for Pr = 30%; if LR+ = 20 → Ppost+ 
(PPV) = 90%; if LR– = 0.1 → Ppost– = 5% (NPV = 95%)
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It should be noted that, precisely to overcome the 
issue of expressing values in odds—which are un-
common and of limited practical use in the clinical 
setting—Fagan’s nomogram expresses all quantities, 
both input and output, directly in terms of probabi-
lities of disease: ppre as the input, and ppost+ and 
ppost– as the outputs.
This may create some confusion for those who are 
accustomed to working with predictive values, be-
cause there are certain “terminological” differences 
between ppost+, ppost–, PPV, and NPV that must 
be clarified.
Indeed, the calculation of ppost values and of predi-
ctive values depends on the conventional definitions 
assigned to each term, and these definitions do not 
always overlap.
While ppost+ and PPV share the same definition (the 
probability that a subject is diseased given a positive 
result), ppost– and NPV are defined differently:
•	 ppost– is the probability that a subject is disea-

sed given a negative result (FN);
•	 NPV is the probability that a subject does not 

have the disease (is healthy) given a negative re-
sult (TN).

Therefore, once these definitions are established, 
NPV and ppost– are complementary probabilities. 
That is, each represents 1 minus the other (if ppost– 
= 5%, then NPV = 95%, and vice versa), and they 
must be interpreted accordingly.

How to Improve Diagnostic Predictive 
Value
To increase the probability of correctly identifying 
healthy and diseased patients, multiple independent 
tests may be performed either sequentially (progres-
sively increasing the pre-test probability, ppre) or in 
parallel, combining their respective sensitivity and 
specificity using Boolean logic (AND or OR).
The choice between these two approaches depends 
on the diagnostic objective:
•	 If the goal is to avoid missing any cases (em-

phasizing sensitivity), the preferred approach is 
parallel testing with OR logic.

•	 If the aim is to reduce false positives (empha-
sizing specificity), the preferred approach is 
sequential testing or parallel testing with AND 
logic.

For tests to be considered truly independent, they 
must—while referring to the same population of he-
althy and diseased subjects—be based on different 
analytical principles and be supported by separate 
diagnostic accuracy studies.
Therefore, repeating the same test to confirm or 
exclude a diagnosis does not constitute an appro-
priate method for improving diagnostic predictive 
validity. Such repetition may be useful to rule out 
gross analytical errors or, in the case of quantita-
tive tests, to reduce the standard error of the mean 
(SEM) and thus narrow the confidence interval of 
the averaged result.

Two independent tests performed in sequence
The calculation of predictive value in sequential te-
sting is the simplest: the prevalence estimated throu-
gh the first examination (the so-called screening test, 
with high sensitivity) becomes the ppre for the se-
cond test, and so on (the confirmatory or diagnostic 
test, with high specificity). In this way, if all tests are 
positive, the PPV increases progressively.

Practical Example No. 1
A first-level screening test (Se₁ = 0.99; Sp₁ = 0.82; 
LR⁺ = 5.5) is performed on a patient with suspected 
disease, where the prevalence among patients with 
identical symptoms is 10%.
The result of the test is positive.
A negative result would have almost certainly ruled 
out the disease (NPV = 99.9%), whereas a positive 
result informs us that the PPV increases from 10% 
to 37.9% (ppost⁺): still not sufficient to establish a 
diagnosis.
By performing a second-level test—less sensitive but 
preferably more specific (Se₂ = 0.90; Sp₂ = 0.90; LR⁺ 
= 9.0)—and using the previous ppost⁺ value (0.379) 
as the new ppre, the sequential NPV (NPV_SEQ) de-
creases to 93.6%, but the sequential PPV (PPV_SEQ) 
rises to 84.6%, allowing a more reliable confirma-
tion of the disease.

Why was the screening test not bypassed by per-
forming the more specific test immediately?
Aside from issues related to higher costs and greater 
technical complexity—both common characteristics 
of second-level or confirmatory tests—if Test 2 had 
been performed first, without knowing the result of 
Test 1 (the screening test), starting from the initial 
prevalence value Pr = 10%, the PPV₂ would have 
increased only to 50.0%, a level of probability still 
insufficient for a reliable diagnosis.

Two independent tests performed in parallel 
(OR mode)
A subject is considered negative only if both tests 
are negative, while they are considered positive if at 
least one (OR) of the two tests is positive.

SeOR = Se1 + Se2 – (Se1 • Se2)		 SpOR = Sp1 • Sp2

Two independent tests performed in parallel 
(AND mode)
A subject is considered negative if both tests are 
negative, while they are considered positive only if 
both (AND) tests are positive.

SeAND = Se1 • Se2;	         SpAND = Sp1 + Sp2 – (Sp1 • Sp2)

Practical Example No. 2
Using the same Se and Sp values from the two pre-
vious sequential tests, with Pr = 10%, we obtain:
OR method:

Seᴼᴿ = 0.999; Spᴼᴿ = 0.738 → NPVᴼᴿ = 100%; PPVᴼᴿ = 29.8%
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AND method:

Seᴬᴺᴰ = 0.891; Spᴬᴺᴰ = 0.982 → NPVᴬᴺᴰ = 98.8%; 
PPVᴬᴺᴰ = 84.6%

It is possible to verify the calculations of the previous 
examples using the Excel sheet attached to this va-
demecum; however, in practice, dedicated statistical 
software, apps, or probability tables are often used to 
simplify computations—especially when the tests are 
not independent from one another and covariance 
must be taken into account, or when more than two 
tests are involved, or when they are combined in a 
more complex manner.

Conclusions
Naturally, if the patient’s condition were already 
known—as occurs in studies assessing diagnostic 
accuracy—there would be no need to perform any 
test. In routine clinical practice, however, the pur-
pose is the reverse of research: the patient’s status 
must be inferred from the test result itself. Within 
this framework, the predictive values, both negative 
and positive, become fundamental.
Predictive values are not intrinsic properties of a 
diagnostic test. Although they are influenced by the 
test’s sensitivity and specificity—and improve as the-
se parameters increase—they also depend substan-
tially on a factor that is entirely external to the test 
itself: the prevalence of the disease in the population 
under investigation.
The observation that the positive predictive value 
increases as prevalence rises discourages the use of 
screening programmes for rare diseases, where pre-
valence is extremely low. In such situations, scree-
ning offers limited benefit—only a very small num-
ber of individuals will profit from early detection, 
simply because the disease is uncommon—while a 
large proportion (the false positives) may be harmed 
by being incorrectly classified as diseased.
Nonetheless, there are circumstances in which an 
exception to this general rule is justified: namely, 
when the disease or condition carries significant im-
plications for public health, as in the case of severe 
but rare disorders that are readily transmissible.

For certain infectious diseases with high social 
impact (as recently illustrated by the COVID-19 
pandemic), even a single false negative may pose a 
substantial risk by enabling further transmission. In 
these scenarios, the diagnostic test must prioritise 
maximal sensitivity, even at the cost of producing a 
higher number of false positives.
A similar rationale applies to screening performed 
in blood donors. Protecting recipients is imperative, 
and no margin for error can be tolerated in iden-
tifying potentially infectious units. Consequently, it 
becomes acceptable to discard a proportion of blood 
bags that are uninfected but have tested falsely posi-
tive in safety assays.
Conversely, when disease prevalence is high, a hi-
ghly specific test is generally preferable: false po-
sitives must be minimised to avoid overwhelming 
diagnostic and therapeutic resources with an exces-
sive number of individuals incorrectly identified as 
affected.
In summary, within clinical practice:
•	 A highly sensitive test should be selected when 

the consequences of a missed diagnosis are 
particularly serious—for example, diseases that 
are typically fatal unless treated promptly, or 
conditions capable of causing major outbreaks. 
Sensitive tests are also valuable in the early dia-
gnostic phase (first-level tests), when the aim is 
to narrow a broad set of possible conditions in 
a differential diagnosis. In this context, the sen-
sitive test is used primarily to exclude one or 
more diseases, as it is most informative for the 
clinician when it yields a negative result.

•	 A highly specific test, by contrast, is especially 
useful for confirming a diagnosis that has alrea-
dy been suggested by other means (second-level 
tests), since it is rarely positive in the absen-
ce of disease. Tests with very high specificity 
(third-level or confirmatory tests, which are 
often more complex and costly) are particularly 
important when a false-positive result would be 
harmful—clinically, emotionally, or economi-
cally. In essence, a highly specific test provides 
the greatest clinical value when it yields a po-
sitive result.

Summary formulary
Diagnostic Parameters Table

Parameter Calculation Method Description Range

Se TP / (TP + FN)
TP / Diseased

% of diseased individuals 
correctly identified

0–1
0–100%

Sp TN / (TN + FP)
TN / Healthy

% of healthy individuals 
correctly identified

0–1
0–100%

ACC (TP+TN) / 
(TP+FP+TN+FN)
Se•Pr + Sp•(1–Pr)

Correct tests / (Healthy 
+ Diseased)

0–1
0–100%
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Healthy: number of individuals without the disease or condition of interest
Diseased: number of individuals with the disease or condition of interest
Total: sum of healthy and diseased individuals

LR+ (TP/Diseased) / (FP/He-
althy)
Se / (1–Sp)

Ratio between the pro-
bability of obtaining a 
positive result in disea-
sed (TP) and in healthy 
individuals (FP).

1–∞

LR− (FN/Diseased) / (TN/
Healthy)
(1–Se) / Sp

Ratio between the pro-
bability of obtaining a 
negative result in disea-
sed (FN) and in healthy 
individuals (TN).

1–0

Pr ( T P + F N ) /
(TP+FP+TN+FN)
Diseased / (Diseased + 
Healthy)

Probability/percenta-
ge of diseased subjects 
in the total population 
(pre-test).

0–1
0–100%

Ωpre (TP+FN)/(TN+FP)
Diseased / Healthy
Pr/(1–Pr)

Ratio between Diseased 
and Healthy (pre-test).

0–1

Ωpost− FN/TN
LR− • Ωpre

Ratio between diseased 
testing negative and he-
althy testing negative.

1–0

Ωpost+ TP/FP
LR+ • Ωpre

Ratio between diseased 
testing positive and he-
althy testing positive.

1–∞

ppost− FN / (TN+FN)
LR− • Ωpre

Probability of a negati-
ve result in a diseased 
subject.

1–0
100%–0

ppost+ ; PPV TP / (TP+FP)
(Pr•LR+) / [(Pr•LR+) 
+(1–Pr)]
( S e • P r ) / [ S e • P r + ( 1–
Sp)•(1–Pr)]

Probability of a positi-
ve result in a diseased 
subject.

0–1
0–100%

NPV TN / (TN+FN)
( 1 – P r ) / [ ( 1 – P r ) 
+(Pr•LR−)]
S p • ( 1 – P r ) / [ S p • ( 1 –
Pr)+(1–Se)•Pr]

Probability of a nega-
tive result in a healthy 
subject.

0–1
0–100%

TP Se • Diseased
(Se • Pr) • Total

Number of positive re-
sults among diseased.

FN (1–Se) • Diseased
(1–Se) • Pr • Total

Number of negative re-
sults among diseased.

FP (1–Sp) • Healthy
(1–Sp) • (1–Pr) • Total

Number of positive re-
sults among healthy.

TN Sp • Healthy
Sp • (1–Pr) • Total

Number of negative re-
sults among healthy.
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CASE STUDY: 
SELECTION OF THE OPTIMAL CUT-
OFF IN QUANTITATIVE TESTS
A detailed numerical and graphical analysis of the 
characteristics of a quantitative test used for dise-
ase diagnosis can be performed by appropriately 
adjusting the cut-off values in a cohort composed of 
healthy and diseased individuals, and by observing 
how these changes affect the counts of true positives 
(TP), false positives (FP), false negatives (FN), and 
true negatives (TN).
For each participant included in the study, the true 
clinical status—healthy or diseased for the condi-

tion under investigation—must be established using 
gold-standard clinical and instrumental criteria that 
are independent of the test being evaluated.
This case study employs fabricated data with no 
medical relevance, provided solely for illustrative 
purposes. These data are available in the Excel file 
accompanying this document, which should be con-
sulted for the specific calculations.
The figures below (generated with the open-source 
statistical software Jamovi) show the distribution of 
test results: a histogram with an overlaid Gaussian 
curve (Figure 9) and a box plot (Figure 10). Table 4 
reports the basic descriptive statistics.

Figure 9. Distribution of test results in healthy and diseased 
individuals.

Figure 10. Box-plot of the distribution of test values.

HEALTHY DISEASED HEALTHY+ DISEASED

n 853 644 1497

Pr 43.0%

50 Perc 50.0 124.0 63.0

97,5 Perc 82.7 212.9 195.6

2,5 Perc 32.0 49.0 33.0

Min 19 22 19

Max 108 242 242

Avg 51.7 125.6 83.5

SD 12.61 41.26 46.53

SEM 0.43 1.63 1.20

X+2SD 76.9 208.2 176.5

X-2SD 26.4 43.1 -9.6

K index 0.78 0.19 1.04

Sk index 0.92 -0.19 0.14

Table 4. Basic statistics
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The differing shape and distribution of values—both 
in terms of central tendency and dispersion—across 
the two populations indicate, even on initial visual 
inspection, that the data are approximately Gaussian 
and that the test can discriminate between healthy 
and diseased individuals in a substantial proportion 
of cases.
However, a wide zone of overlap exists between the 
two groups, within which this distinction cannot be 
made (the so-called grey zone).
It is therefore useful to examine the ROC curve (Fi-
gure 11) to assess both the overall diagnostic accu-
racy of the method and the behaviour of sensitivity 

and specificity across different concentration thre-
sholds.
A limitation of ROC curves is that they do not 
graphically display the cut-off values used in their 
construction. This omission can complicate the se-
lection of decision thresholds, which may prioritise 
sensitivity, specificity, or overall diagnostic accuracy 
depending on the clinical objective and the preva-
lence of the disease in the population being tested. 
The absence of this information—which cannot be 
directly inferred from the graph—may make it diffi-
cult to determine how diagnostic a given quantitati-
ve result truly is.

Figure 11. ROC curve for the case study. The AUC approaches 1, indicating that the test has good discriminative ability between 
healthy and diseased individuals. The dashed orange line marks the approximate position of the Youden Index—the point on the 
ROC curve that lies farthest from the diagonal reference line and minimises misclassifications (FP and FN), thereby maximising 
the diagnostic accuracy of the test (TP and TN).
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Diagnostic Performance Curve as a Fun-
ction of the Cut-off (CPD-Cut)
To address this limitation, sensitivity, specificity, and 
diagnostic accuracy can be visualised as functions 
of the chosen cut-off value, as shown in Figure 12. 
Constructing a CPD-Cut (Diagnostic Performan-
ce Curve by Cut-off) makes it possible to identify, 
clearly and immediately, the most appropriate thre-
shold values, selecting them according to predefined 
objectives—whether clinical or otherwise. This ap-
proach facilitates the selection of cut-off levels that 
are best suited to the specific diagnostic context.

This curve, like the ROC curve, does not change 
with variations in prevalence and can therefore be 
applied across different clinical, epidemiological, or 
operational settings. What does change substantially 
as prevalence varies, of course, are the negative and 
positive predictive values.
It should be recalled that only when specificity equals 
1 does a positive result always correspond to a true 
positive (LR⁺ = ∞), and only when sensitivity equals 
1 does a negative result always correspond to a true 
negative (LR⁻ = 0). Under these ideal conditions, test 
results become independent of disease prevalence.

Figure 12. Diagnostic Performance Curve as a Function of the Cut-off (CPD-Cut). The yellow accuracy curve (triangles) iden-
tifies 80 as the optimal cut-off for minimising the combined number of false negatives and false positives. The blue specificity 
curve (circles) indicates that values above 100 make the presence of disease highly probable, whereas the green sensitivity curve 
(squares) shows that values below 30 make the absence of disease almost certain. Values between 30 and 100 constitute a zone of 
overlap between the two groups—the so-called grey zone—which requires additional non-analytical criteria to distinguish healthy 
from diseased individuals.
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