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Although investigators in the imaging community have 
been active in developing and evaluating quantitative im-
aging biomarkers (QIBs), the development and implemen-
tation of QIBs have been hampered by the inconsistent 
or incorrect use of terminology or methods for technical 
performance and statistical concepts. Technical perfor-
mance is an assessment of how a test performs in refer-
ence objects or subjects under controlled conditions. In 
this article, some of the relevant statistical concepts are 
reviewed, methods that can be used for evaluating and 
comparing QIBs are described, and some of the techni-
cal performance issues related to imaging biomarkers are 
discussed. More consistent and correct use of terminology 
and study design principles will improve clinical research, 
advance regulatory science, and foster better care for pa-
tients who undergo imaging studies.
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performance and clinical performance 
need to be evaluated rigorously. Tech-
nical performance is an assessment 
of how a test performs in reference 
objects or subjects under controlled 
conditions. Once technical performance 
is established for a given biomarker, 
considerable additional research needs 
to be performed to determine clinical 
validation (how it performs in a human 
population—for instance, clinical sensi-
tivity and specificity) and clinical useful-
ness (benefit to a subject in terms of ac-
cepted clinical or regulatory outcomes). 
The relationship between an imaging 
biomarker and a clinical outcome de-
termines which biomarkers are deemed 
clinically relevant, but we do not address 
clinical validation issues in this article. 
Also, when quantitative biomarkers are 
used in clinical practice, cutoff points 
or thresholds are generally established 
for clinical decision making, but in this 
article we do not address the methods 
for making those determinations.

To determine the technical validity 
and clinical usefulness of QIB measure-
ments, it is crucial that the framework 
in which they are acquired is described 
rigorously, including context of use, 

The term quantitative imaging has 
been defined as “the extraction of quan-
tifiable features from medical images 
for the assessment of normal [findings] 
or the severity, degree of change, or 
status of a disease, injury, or chronic 
condition relative to normal [findings]” 
(2). Therefore, by combining the two 
concepts of biomarkers and quanti-
tative imaging, a quantitative imaging 
biomarker (QIB) can be defined as an 
objectively measured characteristic de-
rived from an in vivo image as an in-
dicator of normal biological processes, 
pathogenic processes, or response to a 
therapeutic intervention.

Investigators in the imaging com-
munity have been active in developing 
and evaluating imaging biomarkers. A 
search for the keywords “quantitative 
AND imaging AND biomarkers” in 
PubMed produces more than 43 000 
results. Most imaging journals include 
several articles related to QIBs every 
month. For example, a search con-
ducted by using the same keywords in 
the journal Radiology yields more than 
200 primary articles on QIBs since 
2010. However, few of these imaging 
biomarkers have been rigorously eval-
uated, and even fewer are used rou-
tinely in clinical trials or clinical care. 
This problem is not unique to imaging 
biomarkers. While appraising the field 
of biomarkers in general, Poste wrote 
that “thousands of papers have been 
written, but too few clinically useful 
biomarkers have been produced” (3). 
He argued that the research commu-
nity must “adopt common standards 
and a cross-disciplinary, systems-based 
approach to biomarker discovery and 
validation.”

For imaging biomarkers to play an 
important role in the future evolution 
of precision medicine, both technical 
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Advance in Knowledge

 n The development and implemen-
tation of quantitative imaging 
biomarkers (QIBs) have been 
hampered by the inconsistent or 
incorrect use of terminology for 
technical performance and statis-
tical concepts; the Quantitative 
Imaging Biomarkers Alliance Me-
trology Working Group devel-
oped recommendations on termi-
nology and methods for assessing 
the technical performance of a 
QIB.

Implication for Patient Care

 n More consistent and correct use 
of terminology and study design 
principles will improve clinical 
research, advance regulatory sci-
ence, and foster better personal-
ized care for patients who un-
dergo imaging studies.

In the past 2 decades, there has been 
a dramatic increase in our knowledge 
about the molecular basis of disease. 

The transformative effect of this ever-
increasing genotypic and phenotypic 
molecular information on the manage-
ment of disease is referred to as pre-
cision medicine. Precision medicine has 
recently been identified as a national 
priority (http://www.nih.gov/precision-
medicine/). Tailoring and monitoring 
therapy to an individual’s molecular sig-
nature of disease necessitates measuring 
signals from a variety of anatomic, phys-
iological, and biochemical characteris-
tics of the body. These characteristics 
are called biomarkers. A biomarker is 
defined as “a characteristic that is ob-
jectively measured and evaluated as an 
indicator of normal biological processes, 
pathogenic processes, or a response to a 
therapeutic intervention” (1).

Concomitantly, during the past 2 
decades, remarkable advances in med-
ical imaging technology have made 
it possible to obtain many anatomic, 
functional, metabolic, and physiological 
measurements from clinical images, all 
of which reflect in some way the molec-
ular substrate of the healthy or diseased 
tissue, organ, or person undergoing im-
aging. With appropriate calibration, 
most of these imaging technologies can 
provide quantitative information about 
some properties of the material from 
which the imaging signal has emanated. 
Thus, such imaging methods also con-
stitute biomarker measurement pro-
cesses and are conceptually similar to 
laboratory or physiological assays.
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the QIBA Metrology Working Group 
(1,4–7).

QIB Characteristics

The QIBA Metrology Working Group 
recommends that to be considered 
a QIB, the measurand (an underlying 
quantity of interest) must be a ratio or 
interval variable, as defined by Stevens 
(8). A ratio variable is one for which 
there is a clear definition of zero and 
for which the ratio of two values can be 
meaningfully interpreted. In this con-
text, “a clear definition of zero” means 
that zero indicates that no signal inten-
sity is present from the feature being 

and processing necessary to achieve 
that claim. QIBA profiles are based 
on published data whenever such data 
are available and on expert consen-
sus opinion for specifications when no 
data exist.

During the first few years of QIBA 
committee activity, it became appar-
ent that participants were expressing 
quantitative concepts inconsistently 
and/or ambiguously. Therefore, QIBA 
convened experts to advise on termi-
nology and methods relevant to the 
concerns listed earlier. The informa-
tion and recommendations present-
ed in this article are derived from 
the deliberations and publications of 

acquisition parameters, and measure-
ment methods. After that framework 
is described, then the variability and 
error according to those settings can 
be quantified. Knowledge of these fac-
tors will enable clinicians to reliably 
compare measurements over time and 
across imaging platforms.

The concepts and methods for eval-
uating and comparing the technical 
performance characteristics of imaging 
biomarkers are not well understood by 
many in the imaging community. Stan-
dard terminology and methods have 
become established in medicine to de-
scribe, evaluate, and validate labora-
tory assays. The same concepts and ap-
proaches could and should be applied 
to imaging assays, and this has begun 
to occur in an organized way in imaging 
in the past few years. In this article, we 
review some of the important statisti-
cal concepts relevant to technical per-
formance, describe methods that can 
be used for evaluating and comparing 
QIBs, and discuss some of the technical 
performance issues related to imaging 
biomarkers. A glossary of recommend-
ed definitions for key terms is provided 
in Table 1. Additional terms, defini-
tions, and discussion on these concepts 
can be found in the work of Kessler  
et al (1).

Quantitative Imaging Biomarkers 
Alliance

In response to the need for reliable 
and reproducible quantification of 
biomedical imaging data, in 2007 the 
Radiological Society of North America 
organized the Quantitative Imaging 
Biomarkers Alliance (QIBA), with the 
mission of improving the value and 
practicality of QIBs by reducing vari-
ability across devices, patients, and 
time (2). QIBA participants span a 
wide range of expertise, including clin-
ical practice, clinical research, physics, 
statistics, engineering, marketing, reg-
ulatory practices, pharmaceuticals, 
and computer science. With QIBA, a 
systematic, consensus-driven approach 
is used to produce a QIBA profile that 
includes one or more claims and spec-
ifications for the image acquisition 

Table 1

Recommended Terminology for Describing the Technical Performance of QIBs

Term Definition

QIB A characteristic derived from one or more in vivo images and objectively  
  measured according to a ratio or interval scale as an indicator of normal 

biological processes, pathogenic processes, or response to a therapeutic 
intervention.

Measurand The quantity intended to be measured (VIM clause 2.3).
Bias An estimate of a systematic measurement error (VIM clause 2.18).
Linearity The ability to provide measured quantity values that are directly proportional to  

 the value of the measurand in the experimental unit (ISO standard 18113).
Precision The closeness of agreement between measured quantity values obtained by  

  means of replicate measurements of the same or similar experimental units 
with specified conditions (VIM clause 2.15). Repeatability and reproducibility 
are types of precision.

Reference value A value, generally accepted as having a suitably small measurement  
  uncertainty, to be used as a basis for comparison with values of quantities  

of the same kind (eg, the mean of a large number of replicate 
measurements) by using a reference method (VIM clause 5.18).

Repeatability The measurement precision with conditions that remain unchanged between  
 replicate measurements (repeatability conditions) (VIM clause 2.20).

Repeatability conditions The set of conditions that includes the same measurement procedure, same  
  operators, same measuring system, same operating conditions, same 

physical location, and replicate measurements of the same or similar 
experimental units over a short period of time.

Reproducibility The measurement precision with conditions that vary between replicate  
 measurements (reproducibility conditions) (VIM clause 2.25).

Reproducibility conditions The set of conditions that includes (a) different locations, operators, and  
  measuring systems and (b) replicate measurements of the same or  

similar objects.
Truth or true value In metrology, truth is the real or actual value of a quantity associated with  

  some object. Because each physical measurement has some uncertainty  
in terms of whether it agrees with the real quantity value, the true value 
cannot be known with certainty.

Note.—ISO = International Organization for Standardization, VIM = International Vocabulary of Metrology.
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being measured. Because all measure-
ments have some inherent error (un-
certainty), no single measurement can 
exactly equal the “true value.” In publi-
cations in the biomedical literature, au-
thors sometimes use the terms “ground 
truth” or “gold standard.” Neither of 
these has a standardized or unambigu-
ous definition and should therefore not 
be used. These terms are sometimes 
used to imply that truth is known with 
certainty (in the case of “ground truth”) 
or that a measurement has no error (in 
the case of “gold standard”). Neither 
the absence of uncertainty nor the ab-
sence of error in quantitative values is 
accepted in metrology.

The prescribed method for ob-
taining the set of true values is called 
a reference method, “a methodology 
that has exact and clear descriptions 
of the necessary conditions and proce-
dures that provide sufficiently accurate 
and precise laboratory data for it to 
be used to assess the validity of other 
laboratory methods” (International Or-
ganization for Standardization standard 
20776–2) (12). A reference method 
may also involve the use of one or more 
reference materials—that is, materials 
with sufficiently homogeneous and sta-
ble properties for use in assignment of 
a value to another material. The term 
reference standard can have one of two 
meanings, depending on the context. In 
the International Vocabulary of Metrol-
ogy, it is defined as a physical object, 
synonymous with a reference material 
(13). However, many standards organi-
zations use the phrase to mean the de-
scription of procedures for performing 
the reference method and using the ref-
erence material. The reference method 
also has random measurement errors, 
but the mean of replicates (ideally a 
large number of replicates) is generally 
accepted as the reference value.

True values, or even reference values, 
are difficult to obtain in humans and 
are therefore usually not available in 
the clinical setting. True values may 
require confirmation of disease mea-
surements, and such measurements are 
often not reliable or possible even at 
surgery or autopsy. Obtaining reference 
values can also be challenging owing to 

categories 1 (almost entirely fat) 
through 4 (extremely dense) (11). At 
first glance, these might seem to be ex-
amples of quantitative biomarkers, but 
they are not. The order of the category 
numbers follows the increasing clinical 
significance, in the sense that BI-RADS 
category 2 is worse than category 1, 
category 3 is worse than category 2, 
and so on, but category 4 is not twice 
as bad as category 2, for example (ie, 
arithmetic operations in these category 
numbers have no real meaning).

With a nominal scale, numbers are 
arbitrarily assigned to categories, and 
neither the ordering nor the arithmetic 
operations on the numbers have real 
meaning. For example, spiculated nod-
ules might be called category 1, part-
solid nodules category 2, nodules with 
indistinct margins category 3, and so 
on. The numbers are assigned arbi-
trarily for convenience, and the order 
does not necessarily convey clinical or 
other significance. Although categoriza-
tions such as these have clinical useful-
ness in terms of consistency of commu-
nication and the like, they are not QIBs 
as defined here.

QIBs consist of only a measurement 
of a measurand or a measurement ob-
tained while other specified or relevant 
factors are held constant. An example 
of the former is the volume of a tumor 
obtained from a CT image. An example 
of the latter concept is the standardized 
uptake value (SUV) obtained from pos-
itron emission tomography (PET) im-
ages. Here, the measurand is tissue ra-
dioactivity concentration at some time 
after injection. The SUV is calculated as 
the ratio of the value of the measurand 
to the injected dose at the time of injec-
tion, divided by body weight (injected 
dose and weight being the relevant fac-
tors that are held constant).

Truth and Reference Values

In metrology (ie, measurement sci-
ence), measurements need to be com-
pared in some way to “truth.” However, 
the concept of “truth” in metrology is 
more philosophical than mathemati-
cally specific. Truth can be thought of 
as the set of “true values” of whatever is 

measured. For example, tumor volume 
as measured with computed tomo-
graphic (CT) volumetry is a ratio vari-
able because if one tumor has a volume 
of 0.5 cm3 and another tumor has a vol-
ume of 1.5 cm3, the following statements 
based on arithmetic operations have real 
meaning: (a) The larger tumor is 1.0 
cm3 bigger than the smaller tumor, and 
(b) the larger tumor is three times the 
size of the smaller tumor. Furthermore, 
a tumor volume of zero means there is 
no tumor mass.

Measures for which the difference 
between two values is meaningful but 
the ratio of two values is not and for 
which the scales do not have a “mean-
ingful zero” are called interval variables 
(8). Examples of scales in everyday use 
that do not have “meaningful zeros” 
are the centigrade and Fahrenheit tem-
perature scales, where a temperature 
measurement of zero does not mean 
that the entity has no heat energy. The 
Kelvin temperature scale, on the other 
hand, does have a meaningful zero, be-
cause absolute zero in that scale means 
there is no thermal motion present. In 
the imaging context, the CT Hounsfield 
scale is one that does not have a mean-
ingful zero. By definition, zero in the 
Hounsfield scale is the density of water, 
so substances that measure zero in 
Hounsfield units do have some density. 
Therefore, imaging biomarkers such as 
lung densitometry based on Hounsfield 
unit measurements are examples of in-
terval variables. Examples of interval 
variable imaging biomarkers based on 
CT are those used to estimate the se-
verity of emphysema, such as percent-
age emphysema index and percentile 
density (9,10).

Stevens describes two other types 
of scales: ordered and nominal. Or-
dered scales are those for which values 
are assigned a magnitude and for which 
the ordering of values does have mean-
ing, but neither the difference between 
two values nor the ratio of two values 
is meaningful. These are not QIBs. Ex-
amples in imaging include the Breast 
Imaging Reporting and Data System, 
or BI-RADS, assessment categories 1 
(negative) through 5 (highly suggestive 
of malignancy) and breast composition 
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object and its true value. Percentage 
bias is bias divided by the true value, 
presented as a percentage (percentage 
bias = [bias/true value] · 100).

Inherent in the definition of bias is 
knowledge of the true value of the mea-
surand. In situations where the true 
value is unknown, which is often the 
case for in vivo imaging, estimation of 
bias is not possible (1). As noted ear-
lier, pragmatic alternatives include the 
use of an agreed-upon reference value 
or evaluation of bias by using digital or 
physical phantoms. When using a ref-
erence value, it should be understood 
that only bias relative to the reference 
value is being assessed; similarly, lin-
earity (see the following) relative to 
a reference value is assessed. Limita-
tions of digital or physical phantoms 
are that they do not possess all of the 
characteristics of a human target and 
might not adequately account for mea-
surement distortion induced by phys-
ical properties of living tissues. For 
example, even a complex magnetic res-
onance (MR) imaging phantom could 
not completely represent the magnetic 
properties of a human; therefore, bias 
and linearity from measurements ac-
quired in a phantom may not represent 
the true quantity. However, phantom 
measurements provide a practical es-
timate of bias, and it is a reasonable 
assumption that poor phantom results 
with respect to bias would most likely 
be reflected as poor results in patients. 
Conversely, good results with a phan-
tom or reference standard do not guar-
antee that one will get good results with 
respect to the (biologically) true value. 
When there is concern that phantom 
measurements may lead to false con-
clusions, then consideration should be 
given to using a reference method. It 
may also be helpful to test for sensitiv-
ity of the measurement to changes in 
the human acquisition environment.

When possible, when conducting 
assessments of bias, at least two and 
preferably three or more experimental 
replicates should be performed for each 
of several settings of “truth” (measur-
and levels) as measured according to a 
reference method. Various numbers of 
measurand levels have been proposed, 

true values needs to be at least 0.99 for 
the reference values to be an appropri-
ate substitute for the true values in this 
setting.

Accuracy is a commonly used term 
that does not have a single unambigu-
ous definition. In some publications, it 
is used synonymously with bias (16), 
whereas it is often used in a way that 
combines both bias and precision. How-
ever, there is no single agreed-upon way 
to combine bias and precision, which 
is why there are multiple aggregate 
measures of technical performance. 
Thus if the term accuracy is used to de-
scribe a quality of the measurement pre-
sented, it should also be accompanied 
by a more detailed description of the 
components of uncertainty that include 
both the central tendency (ie, bias) and 
data dispersion (ie, precision) it encom-
passes. This is in contrast to the field of 
diagnostic imaging, where investigators 
rely on trained readers to interpret an 
image; in that field, the term accuracy 
is synonymous with the area under the 
receiver operating characteristic curve.

Investigators in QIB research stud-
ies report a wide array of statistical and 
descriptive metrics to demonstrate the 
reliability of QIB for clinical use. How-
ever, these diverse metrics are some-
times difficult to interpret, may be in-
appropriate for the recommended use, 
occasionally lead to misinterpretation 
of accepted statistical definitions, and 
may cause exaggerated conclusions of 
quantitative reliability to be drawn. 
Studies that are poorly designed and 
do not adhere to established experi-
mental design principles can and do 
lead to confounding of results and yield 
incomplete or incorrect conclusions. 
The following paragraphs provide rec-
ommendations about the evaluation 
and validation of QIBs that are in ac-
cordance with standard statistical prin-
ciples and are intended to provide a 
framework for standardized evaluation 
of QIB performance.

Bias

Bias describes the difference between 
the mean (expected value) of mea-
surements determined from the same 

the constraints or expense of imaging 
subjects multiple times. Pragmatic al-
ternatives include the use of digital or 
physical phantoms.

Consider these two examples. In 
a study by Reeves et al (14), the per-
formance of imaging procedures to 
measure the size and change in size 
of pulmonary nodules on CT images 
was assessed. In one part of the study, 
measurements were made of a syn-
thetic phantom nodule. The volume 
of spherical synthetic nodules can be 
mathematically determined on the ba-
sis of the radius (true value), while the 
volume of irregularly shaped nodules 
can be determined as the mean of mul-
tiple measurements of the amount of 
displaced water (reference value). In 
the same study, the authors assessed 
measured change in nodule size for 
patients who underwent imaging two 
times within a short time interval. The 
authors assumed that the true value of 
change was zero, since the time interval 
between measurements was too small 
for a biological change to occur in tu-
mor volume. In a second study (15), 
an evaluation of an automated system 
to measure aortic annular area from 
three-dimensional CT images involved 
the use of an expert radiologist’s man-
ual measurements from the CT images 
as the reference standard. It was rec-
ognized that the expert radiologist’s 
measurements of the annular area con-
tained measurement error, which was 
quantified in the study by assessing the 
radiologist’s intrareader variability. The 
magnitude of the intrareader variability 
was taken into account in the assess-
ment of the automated system.

The set of measurements must be 
determined by using a method with 
a suitably small measurement uncer-
tainty. In other words, the reference 
values must be highly concordant with 
the true values. Otherwise, compar-
isons of the measurement values with 
the reference values will produce sig-
nificantly different results from com-
parisons with the true values. Simula-
tion studies from Obuchowski et al (6) 
indicate that the intraclass correlation 
coefficient that reflects the concordance 
between the reference values and the 
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but sources for laboratory assays rec-
ommend at least five to seven levels 
(17). In phantom studies, these should 
be appropriately spaced over the mea-
suring interval to adequately character-
ize the bias.

A similar effect can be achieved in 
patient studies by selecting patients to 
represent the whole spectrum of clin-
ical characteristics (such as extent of 
disease or age) that are related to the 
QIB. When there is reason to believe 
that bias would change more rapidly in 
certain regions than in others, a higher 
concentration of measurand values in 
those regions of expected rapid change 
is necessary to complete the perfor-
mance assessment. Commonly used 
metrics to characterize bias and related 
properties are summarized in Table 2.

Linearity

Linearity is the ability to deliver mea-
sured values that are directly propor-
tional to the true value of the measurand 
in the experimental unit (1). In image 
analysis, linearity is intrinsically driven 
by many factors associated with the for-
mation of the image, as well as the quan-
tification of it, with the device. For ex-
ample, the scanner’s spatial fidelity has 
a profound effect on measurements as 
the size of the biological phenomenon to 
be quantified approaches the resolution 
of the scanner. However, owing to the 
complexity of imaging systems technol-
ogy, there are many other measurement 
characteristics that may affect the ability 
to transform computed results in such a 
way that the measurements are linearly 
related to measurands. The relation-
ships between measured and true values 
may be proportional, nonproportional, 
or nonconstant (nonlinear). Examples 
of these possible relationships are illus-
trated in Figure 1.

The term measuring interval is de-
fined as the range of the measurand in 
which bias, linearity, and precision are 
within acceptable bounds (1). In other 
words, the measuring interval is the 
range in which a change in the value of 
the measurand should result in a reli-
able change in the QIB measurement. 
Acceptable measurement interval limits 

Figure 1

Figure 1: Plot of measured phantom volumes versus true volumes. The iden-
tity line (black line) with slope equal to 1 and intercept at zero would represent 
a biomarker with no bias. The blue line, where the slope is equal to 1 but the 
intercept is not zero, represents a biomarker with fixed or constant bias (ie, 
not proportional to the true values). The green line, where the slope is constant 
but not equal to 1, represents a biomarker with proportional bias. The red line, 
which is curvilinear, represents a biomarker with nonconstant (nonlinear) bias. 
See reference 4 for more detail.

Table 2

Metrics of Concordance with Truth

Metric Comment

Estimate of bias The difference between the mean of QIB measurements and the reference  
 value (true value)

Limits of agreement An interval that is expected to contain 95% of future differences between the  
 QIB measurement and the measurand, centered at the mean difference (18)

Mean squared deviation The expectation of the squared difference between a QIB measurement and  
 the measurand (5)

Coverage probability The proportion of cases for which the QIB measurement falls within a  
  prespecified allowable difference between the QIB measurement and 

measurand (19)
95% Total deviation index The threshold below which the difference between the QIB measurement and  

 measurand is expected to fall with 95% probability

will be determined by the clinical context 
of use to ensure that the QIB measure-
ments can reliably indicate clinically im-
portant true changes in the QIB. Exam-
ples of determination of varying degrees 
of measuring intervals are found in the 
work of Echeverría et al in quantifying 

liver iron content with MR imaging (20). 
Methods differ in the ability to reliably 
estimate liver iron content over the en-
tire range of values expected in patients 
with hemochromatosis. For example, 
the methods proposed by Gandon and 
others demonstrate linearity in patients 
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that both scanner types can be used in 
a single study.

In precision studies, measurements 
can be derived in a single phantom, a 
single lesion or subject, or a group of 
similar subjects (eg, healthy individ-
uals). Precision studies performed with 
repeatability conditions are sometimes 
called test-retest studies. Truth or ref-
erence values are not necessary for re-
peatability measurements, since they 
are acquired with an assumption of no 
change in the measured object. Com-
monly used statistical metrics for re-
peatability are summarized in Table 3.

Repeatability studies are typically 
conducted with all measurements per-
formed at a single clinical site with a 
specific imaging device. The measure-
ments may be conducted in phantoms, 
animals, or human subjects. Phantom 
scans can be repeated several times in 
sequence, either immediately following 
one another or separated by a defined 
time interval. However, phantoms do 
not represent the complexity of human 
targets; thus, precision is often over-
estimated. The ability to perform re-
peated patient scans is limited because 
of safety concerns related to radiation 
exposure for CT or PET procedures, 
use of contrast media or tracers, or the 
need to account for kinetic behavior of 
those agents (eg, a washout period is 
needed before it is possible to rescan by 
using contrast media or a tracer). Fur-
thermore, additional patient consent is 
required for scans that are performed 
for research purposes and not for clin-
ical care. Human repeatability tests are 
often limited to two scans performed 
as test-retest, sometimes called “coffee 
break” experiments, with only a short 
break (eg, on the order of minutes or 
hours) between scans. See Table 4 for a 
comparison of phantom versus human 
test-retest study characteristics.

The attributes of the imaging system 
will define the repeatability conditions 
and the minimum time interval be-
tween repeat imaging sessions. Shorter 
time intervals minimize the variability 
introduced by ancillary factors. How-
ever, factors such as scanning period, 
radiation dose, contrast material wash-
out, radioactive half-life, and subject 

Precision

Precision refers to variability of the 
measurement process regarding the 
expected value for different measure-
ments on the same experimental unit, 
where conditions of measurement are 
either stable or vary over time accord-
ing to temperature, operators, and so 
on (National Institute of Standards and 
Technology guideline 2.1.1.4) (22). 
Measurement variability is present 
even when conditions of measurement 
are not changed in any apparent man-
ner and may be confounded with other 
factors when those conditions change. 
Variability in repeated measurements 
is dependent on the technical perfor-
mance of the imaging device when the 
same experimental unit is measured 
according to stable test conditions. 
However, it is often difficult to maintain 
identical conditions, and measurement 
variability may also include contribu-
tions from other factors beyond var-
iability inherent to the performance 
characteristics of the imaging device. 
For example, a repeated measurement 
of a tumor may occur within an interval 
of time that allows the tumor to grow 
and scanner conditions to vary, if even 
slightly, thereby contributing additional 
variability to the precision assessment. 
In a clinical setting, all of these sources 
of variability are included, and it is usu-
ally impossible to separate them.

While it is necessary to demon-
strate that a QIB can be used to repeat 
a measurement reliably, it is also im-
portant to demonstrate that a QIB can 
be used with a more general set of con-
ditions. Repeatability is a measurement 
of precision that occurs with identical 
or near-identical conditions. Reproduc-
ibility, in contrast, is a measurement of 
precision when location, operator, mea-
suring system, or other factors differ. In 
reproducibility studies, the objective is 
to measure the effects of different con-
ditions on the performance of the QIB 
with the goal of demonstrating equiv-
alent performance in less restrictive 
study conditions. An example would be 
to demonstrate that scanners made by 
two different manufacturers result in 
equivalent tumor measurements and 

with normal to high liver iron content 
but are clearly nonlinear much beyond 
200 µmol per gram of dry weight (20). 
Therefore, changes in liver iron content 
will not be reliable when including pa-
tients with extremely high iron content, 
and a reasonable measuring interval 
would be limited at the high end to 200 
µmol per gram of dry weight.

Assessment of linearity should fol-
low an approach similar to that for as-
sessment of bias. The conditions under 
which the bias and reliability study is 
conducted should be representative of 
the conditions under which the QIB 
would be used clinically to provide con-
fidence that performance estimated in 
the study will be representative of that 
experienced in clinical practice. The 
examination should include a prelimi-
nary assessment of whether the mea-
sured values are linearly related to the 
measurand on the basis of a simple 
scatterplot. Additional factors to con-
sider include the range of true mea-
surand values that will be covered, the 
sample size (number of distinct mea-
surand values and number of replicate 
measurements obtained at each mea-
surand value), where those QIB mea-
surements will be obtained along the 
range of true measurand values, and 
under what conditions the measure-
ments will be obtained. Measurements 
should adequately cover the measuring 
interval of the imaging measurement 
system. When comparing the QIB 
to phantom or truth data, nine to 11 
levels of the true value are consistent 
with recommendations that have been 
proposed for linearity assessment for 
laboratory assays (21), but the opti-
mal number will ultimately depend 
on the specific characteristics of the 
QIB. The measurand levels should typ-
ically be roughly equally spaced over 
the measuring interval, but it may be 
necessary to concentrate additional 
levels in areas that may violate the 
linear assumptions, such as the upper 
and lower ends of the measuring inter-
val. Ideally, three replicates should be 
run at each level of the measurand, but 
the actual number of replicates needed 
depends on the repeatability and ac-
ceptable deviation from linearity.
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same imaging session records effects 
due to scanner adjustments and image 
noise that define a base level of noise 
only above which a change in the QIB 
can be reliably measured and detected. 
A smaller change will be reliably detect-
able with optimal conditions in which 
there is no repositioning involved. With 
more variable conditions, minimum 
detectable change will likely be larger 
than that with the optimal conditions.

Although repeatability and repro-
ducibility are presented here as dis-
tinct concepts, in practice they are 
very often inseparable, and together, 
they comprise the total variability of 
the QIB. Repeatability studies can be 
embedded within a larger study de-
sign that also includes multiple scan-
ner or site reproducibility testing. Re-
producibility studies are designed with 
the goal of evaluating different factors 
that may affect the QIB measurement. 
These factors may include clinical sites, 
scanner models or manufacturers, op-
erators, technologists, radiologists, stan-
dard procedures, or any variable within 
a clinical trial that may affect the study 
results. Designs for reproducibility stud-
ies fall into two main categories:

Repeated Measurement Design
In each study subject or experimental 
unit, QIB measurements are acquired 
with multiple sets of reproducibility 
conditions. Replicate measurements 
may also be acquired within each re-
producibility condition for individual 
subjects to estimate both reproducibil-
ity and repeatability.

Cohort Measurement Design
QIB measurements for different repro-
ducibility factors are acquired in differ-
ent subjects. This is especially useful 
when evaluating reproducibility between 
clinical sites because it is rarely feasible 
to transfer subjects from their local site 
to acquire images of the same subject at 
two or more clinical sites.

When reporting the results of a 
precision study, a description of the 
conditions of measurement should be 
provided. This is especially true if re-
peatability does not strictly apply. For 
example, the term within-site precision 

precision of CT image measurements, 
it is important to indicate the region 
for which that characterization is valid. 
Options include either taking measure-
ment samples over the whole field of 
view and characterizing the region with 
the poorest characteristics or specify-
ing explicitly the subregion of the image 
for which the characterization is valid. 
For PET scanners, precision will de-
pend on the relative count rate, so mea-
surements with different amounts of ra-
dioactivity may need to be performed. 
Sequential repeat scanning within the 

fatigue place restrictions on the condi-
tions of repeat scans. Other factors that 
are specific to each modality may have 
to be considered. For example, many 
imaging modalities have spatially vary-
ing measurement quality characteris-
tics. CT scanners generally have better 
spatial resolution near the isocenter of 
the image than at the more peripheral 
regions of the image. If the subject is 
repositioned within the scanner, vari-
ability due to even slight differences in 
subject positioning will also be record-
ed. When determining the bias and 

Table 3

Repeatability Metrics

Metric Comment

Within-subject standard deviation Standard deviation of replicate measures for a subject.
Limits of agreement, repeatability 

coefficient
Originally proposed by Altman and Bland (18), limits of agreement  
  represent the interval that is expected to contain 95% of  

future differences between replicate measures. According to 
the assumption that test-retest measures are independent and 
identically distributed, the repeatability coefficient is equal to  
the half-width of the limits of agreement interval.

Intraclass correlation coefficient The ratio of the variance of between-subject measurements to the  
  total measurement variance (variance of between-subject  

measurements plus variance of within-subject measurements) 
in the sampled population. Comparison of intraclass correlation 
coefficients estimated from groups of subjects sampled from 
different populations can be misleading because intraclass 
correlation coefficients are scaled relative to the subjects in the 
study sample; thus, comparisons based on different populations 
can be invalid (5, 6).

Within-subject coefficient of variance The within-subject coefficient of variance is the standard deviation  
  of the replicate measures (within-subject standard deviation)  

divided by the mean.

Table 4

Inherent Characteristics of Phantom versus in Vivo Studies

Characteristic
Phantom or Digital  
Reference Image Studies In Vivo Studies

Subject description Physical or simulated models of  
 the target of interest

Living human subjects

Realism Approximation of real targets Targets in living subjects
True value of the  

measurand known
Yes No

Assessment of bias  
and linearity

Bias and linearity are assessable Can only provide estimates of  
 bias in zero-change scenarios

Level of evidence that  
the study provides

Serves as minimum performance  
 requirement for bias and precision

Provides a more definitive  
 assessment of precision

Expense Low High
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operators, then both within- and be-
tween-operator components of variance 
will have an effect on what measured 
amount of change can be reliably in-
terpreted as a true biological change. 
The span of time over which the mea-
surements are obtained should also be 
considered because variability between 
measurements may increase with length 
of time between measurements.

Study Design Considerations

Figure 3 summarizes how study design 
recommendations differ, depending on 
whether one set of investigators is in-
terested in assessing the performance 
of one imaging procedure to measure 
a QIB, comparing several procedures, 
or synthesizing performance across 

settings. It is therefore important to be 
explicit in defining how change is calcu-
lated (1,4).

To reliably assess whether a biolog-
ical change has actually occurred, we 
need to understand the measurement 
precision profile. Precision is often not 
constant over the range of values of the 
measurand that are of clinical interest. 
This can be captured in a precision pro-
file, which conveys how precision varies 
over the range of interest. An example 
is shown in Figure 2. Precision assess-
ments should include components of 
variability that are relevant to the cal-
culation of change in the measurand in 
the real-life setting or clinical study in 
which change is being measured. For 
example, if the same subject will be 
measured at times t1 and t2 by different 

can be used in reference to a set of 
conditions that includes different op-
erators (technologists and/or radiolo-
gists), measuring systems, and replicate 
measurements of the same or similar 
objects within a single location (site). In 
that case, between-operator differences 
and between-instrument differences are 
expected to contribute to measures of 
imprecision (eg, standard deviation, 
coefficient of variation). Other factors 
that might vary in a within-site precision 
study could include date, time of day, 
and/or different scanner acquisition set-
tings. Examples of image analysis factors 
that may vary include scanner hardware 
changes, scanner software changes, 
scanning protocol errors, patient mo-
tion, patient hydration state, and other 
patient characteristics that may affect 
performance of the imaging system.

Commonly used statistical metrics 
for reproducibility are summarized in 
Table 5. The estimated values for these 
metrics serve as indicators of whether 
studies conducted with varied repro-
ducibility conditions can produce re-
liable results and can be confidently 
compared with other studies conducted 
with different conditions. If there is ex-
plicit interest in comparing reproduc-
ibility between two different imaging 
methods, formal statistical hypothesis 
tests may be performed to establish 
whether the methods have equivalent 
reproducibility or whether one is non-
inferior, inferior, or superior (5).

Measuring Biological Change

One of the reasons we focus so much 
on precision is that a common clinical 
role for imaging biomarkers is to use 
QIB measurements to estimate biolog-
ical change within a subject over time. 
To determine whether a measured 
change is likely a biological change, we 
must know with confidence how much 
of the measured change is due to tech-
nical variability. Change can be defined 
as either the simple difference between 
two QIB values or a difference relative 
to a reference QIB. Relative change can 
be defined with respect to baseline, av-
erage, nadir, peak, or reference value. 
Each definition has uses in different 

Table 5

Reproducibility Metrics

Metric Comment

Reproducibility coefficient; limits  
of agreement

The interval that is expected to contain 95% of future differences  
  between measurements obtained with different measuring 

conditions
Concordance correlation coefficient A modified measure of correlation used to measure agreement  

  between two continuous variables by penalizing the standard 
correlation coefficient for differences in the means (23)

Figure 2

Figure 2: Precision profile box plot. At reference values (ie, the true 
value of the measurand) from 1 to 10, the mean and quartiles of the 
measured values are plotted. The heights of the box plots illustrate how 
the variance of the measured values decreases as the reference value 
increases.
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studies. Table 6 lists the steps we rec-
ommend when designing studies to 
evaluate the technical performance of 
a single QIB. Not all steps will be appli-
cable for every study but are presented 

Figure 3

Figure 3: Flow diagram of the three main types of QIB performance evaluation studies. Estimates should 
also be accompanied by measures of uncertainty, such as 95% confidence intervals.

Table 6

Steps in Designing a QIB Technical Performance Study

Step Example

Step 1: Define the QIB and its  
relationship to the measurand

Fluorodeoxyglucose uptake in gastric lesions will be measured  
  as the SUV adjusted for lean body mass, or SUVlbm, and is a 

measure of the integrated metabolic rate within a specified 
region of interest

Step 2: Define the study claim or question  
to be addressed in the analysis

Fluorodeoxyglucose uptake in gastric lesions as measured  
  with SUVlbm will increase proportionally with concentration 

of fluorodeoxyglucose, and the repeatability coefficient of 
changes in SUV will be no more than 20%

Step 3: Define the experimental unit Lesions (gastric cancers)
Step 4: Define the technical performance 

metrics to be estimated
Linearity and precision (repeatability)

Step 5: Specify the elements of  
the statistical design and data  
requirements

Sample size, number of reviewers, technologists, radiologists,  
  patient population, choice of reference measurement 

method (for bias and linearity studies), range of measurand 
values, choice of metrics for measuring performance, 
reproducibility conditions to be measured, repeatability  
time intervals, washout periods, and other conditions that 
will have implications in the eventual employment of the  
QIB in a controlled study; number of experimental 
subjects, data range, number of repeat measurements 
for repeatability and the number of conditions with which 
reproducibility will be assessed

Step 6: Statistical analysis Choice of random or fixed effects to represent various factors  
  that affect variability; specification of stratification and/or 

blocking factors; superiority, noninferiority or equivalence 
alternative hypotheses; estimation of performance metrics 
and measurement of uncertainty

here as useful guidelines for most QIB 
performance assessments. More detail 
is provided by Raunig et al (4).

Investigators often want to com-
pare the technical performance of two 

or more competing imaging procedures 
to assess the typical performance of 
the procedures, to identify the best 
procedure, to test the noninferiority 
of a procedure relative to a standard 
procedure, or to identify procedures 
that provide similar measurements (6). 
Table 7 summarizes some common re-
search questions asked in QIB proce-
dure comparison studies and possible 
study designs used with each. When 
designing comparison studies, it is im-
perative that the performance metrics 
to be used for the primary analysis and 
the statistical hypothesis to be tested 
are specified in the planning phase of 
the study. It should be noted that proce-
dures often have different strengths, for 
example, with one procedure being less 
biased but more precise than another. 
It is both possible and likely that one 
can reach different conclusions about 
the relative performance of procedures 
by using different types of metrics. For 
example, the study results may depend 
on whether “disaggregate” (bias and 
precision considered separately) or “ag-
gregate” (bias and precision considered 
together in one summary measure, 
such as coverage probability) metrics of 
performance are chosen. Thus, it is im-
portant to specify a priori which metric 
will be used for the primary analysis 
in a study. Statistical methods for es-
timating the performance metrics and 
constructing the confidence intervals 
and for estimating differences in per-
formance between procedures and cor-
responding confidence intervals should 
also be specified in the design phase.

Table 7 also provides references to 
statistical methods for comparing per-
formance of QIB procedures. Further 
details and illustration of these methods 
can be found in references 5 and 6. Two 
commonly confused terms in the statis-
tical analysis of comparison studies are 
agreement and correlation. Correlation 
is a weak criterion for assessing tech-
nical performance. The measurements 
from two procedures might be corre-
lated with each other but may never 
agree with each other or agree with 
the true value of the measurements. 
Agreement of the findings of a new pro-
cedure with those of an existing one is 
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Table 7

Common Research Questions, Study Designs, and Statistical Methods for Comparing the Technical Performance of QIB Procedures

Research Question Common Study Design Common Statistical Methods

Which values from procedure(s) that provide 
measurements for individual patients or the 
population are closest to the true mean?

Phantom studies and test-retest studies to  
 measure and compare bias

Repeated measures analysis or nonparametric tests (24)  
  when the true value is known; error-in-variable 

models (25) or regression without truth (26,27)  
when the true value is unknown

Which procedure provides the most precise 
measurements with the same testing conditions?

Clinical studies that include replicate measurements  
 for each procedure for each subject

Levene test (28) and mixed-effects models for  
 comparing procedures

Which procedure(s) provides the most precise 
measurements with different testing conditions?

Clinical studies with at least one measurement for  
  each procedure with each testing condition for  

each subject

Variance component analysis

Which procedure(s) is interchangeable with a 
commonly used reference procedure?

Clinical studies that involve replicate measurements  
  with the reference standard for each subject and  

at least one measurement with each procedure for 
each subject

Estimation of the individual equivalence ratio and  
  its confidence interval; bootstrap methods to  

construct the confidence interval for the individual 
equivalence ratio (29)

Which procedure findings agree with each other? Clinical studies with at least one measurement with  
 each procedure for each subject

Estimation of limits of agreement (30) or coverage  
  probability (19) and their confidence intervals; 

bootstrap methods to compare procedures

stronger evidence, but when the findings 
from two procedures disagree, there is 
no way to determine which procedure 
is correct. Studies that include a com-
parison of the measurements from the 
procedures to the true value (eg, com-
parison of biases) provide the best as-
sessment of the relative performance of 
procedures.

Statistical models and methods can 
sometimes be misleading when the bias 
and/or precision of algorithms vary in a 
systematic way over the range of mea-
surements (5,18). For example, QIB 
procedures in which pulmonary nod-
ule volume is measured often perform 
best for medium-sized lesions and may 
be biased and imprecise for small and 
large nodules (6). In these cases, the 
bias and precision profiles may need to 
be evaluated in subpopulations, such 
as those with different ranges of the 
measurements where performance is 
more homogeneous. Sometimes data 
transformations, such as the log trans-
formation, can be used to remove de-
pendence of bias and/or precision on 
the true value of the measurand (18).

Combining Results from Multiple 
Technical Performance Studies

Individual studies about the technical 
performance of an imaging procedure 

are often small, frequently containing 
as few as 10–20 patients (31–33) and 
typically focusing on a very specific 
subset of the population. Improved in-
ferences on relevant technical perfor-
mance metrics, as well as a more com-
prehensive understanding of technical 
performance across a variety of imag-
ing technical configurations and clinical 
settings, can be achieved by combining 
results from multiple studies in a meta-
analysis. Huang et al (7) provide a de-
tailed description of the steps for con-
ducting a meta-analysis of the technical 
performance of an imaging procedure.

Conclusion

QIBs offer tremendous promise for im-
proving disease diagnosis, staging, and 
treatment and for expediting the regu-
latory approval of new therapies. How-
ever, while much progress has been 
made in the development of QIBs, few 
have been rigorously evaluated in terms 
of technical and clinical performance. 
The development and successful imple-
mentation of QIBs have been hampered 
by the inconsistent and often incorrect 
use of terminology and methods related 
to evaluation of the technical perfor-
mance of these markers. We believe 
that implementation of the terminol-
ogy and study design recommendations 

presented here for evaluation of tech-
nical performance will improve clinical 
research, advance regulatory science, 
and, in turn, lead to better care for pa-
tients who undergo imaging studies.

We have focused on metrics that 
summarize the bias and precision of 
QIBs and the agreement of QIBs with 
current measurements or clinical tests, 
because comparison of alternative or 
competing QIBs is often the question 
of interest. We have distinguished be-
tween statistical methods on the basis 
of knowing the true value and methods 
where the reference standard (ie, ref-
erence method) provides values mea-
sured with error. More work is needed 
to develop methods to predict QIB 
performance in actual target clinical 
populations from indirect measures of 
QIB performance. Shared data sets, 
improved realism of phantoms, and hy-
brid approaches (for example, simula-
tions of realistic pathologic findings on 
normal images) are all areas worthy of 
further investment.

The emphasis of this article has 
been on unidimensional quantitative 
imaging measures and the associated 
algorithms. The future of QIBs will 
continue to move toward higher di-
mensional quantities, including archi-
tectures of tissue morphology, micro-
structure, or architecture manifested 
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in image textures, vector or tensor 
measures of fluid flows, localization and 
distance measures, perfusion, diffusion, 
and so on. Development of such QIBs is 
an active area of investigation and will 
require extensions of the methods con-
sidered in this article.

Many groups and organizations 
around the world are now devoting 
more attention to the evaluation and 
validation of QIBs. For example, the 
Foundation for the National Institutes 
of Health supports the Biomarkers 
Consortium, which funds several imag-
ing biomarker projects, as do many of 
the professional imaging organizations 
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come) is being measured, under what 
circumstances, and with what error, 
the clinical potential of QIBs can be 
achieved.
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