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Abstract

Reliability and measurement error are related but distinct measurement properties. They are connected
because both can be evaluated using the same data, typically collected from studies involving repeated
measurements in individuals who are stable on the outcome of interest. However, they are calculated using
different statistical methods and refer to different quality aspects of measurement instruments.

We explain that a measurement error refers to the precision of a measurement, that is, how similar or close the
scores are across repeated measurements in a stable individual (variation within individuals). In contrast,
reliability indicates an instrument’s ability to distinguish between individuals, which depends both on the
variation between individuals (i.e. heterogeneity in the outcome being measured in the population) and the
precision of the score, i.e. the measurement error. Evaluating reliability helps to understand if a particular
source of variation (e.g. occasion, type of machine, or rater) influences the score, and whether the
measurement can be improved by better standardizing this source. Intraclass-correlation coefficients, standards

error of measurement and variance components are explained and illustrated with an example.



Introduction

Reliability and measurement error are related but distinct measurement properties. They are connected
because both can be evaluated using the same data, typically collected from studies involving repeated
measurements in individuals who are stable on the outcome of interest. However, they are calculated using
different statistical methods and refer to different quality aspects of measurement instruments.

In this COSMIN Perspective, a series of papers on measurement properties and measurement-related issues, we
explain the relationship and distinctions between these two properties by explaining their concepts, the

appropriate study design, and the relevant statistics and interpretation, using an illustrative example.

The concepts

Reliability and measurement error are measurement properties that should be understood within the
framework of Classical Test Theory (CTT) (1). According to this theory, an observed score consists of a true but
unknown score, and a measurement error. This means that every measurement instrument (as defined by its
five components (2)) inherently contains some degree of error. In a study on reliability and measurement error,
the focus is on the value (or consistency) of the observed score, rather than on the accuracy (i.e. adequacy of
the representation of the outcome, or its validity) (1). The “true score” refers to the score without any
measurement error, which can only be approximated by repeating the assessment of the score an infinite

number of times (which is of course impossible).

Measurement error

A measurement error refers to how similar or close the scores are from repeated measurements in an
individual who is stable on the outcome of interest (3). It focuses on the consistency or value of the
measurements in a single individual, reflecting the precision of a score.

If we could observe an individual’s outcome through an infinite series of measurements, the resulting
distribution of scores would approximate a normal curve centered on their mean score, which is regarded as
the individual’s true score. The width of this (theoretical) distribution represents the measurement error (see
Appendix 1). This measurement error should not be confused with the standard error of the mean in a sample,
which represents the dispersion of sample means around the population mean. In CTT it is assumed that an

individual with a low true score shows the same standard deviation in observed scores as an individual with a



high true score. Since it is impossible to measure a person an infinite number of times, we estimate the
measurement error using two or three repeated measurements in multiple individuals who are stable on the

measured outcome (see Figure 1).

____Please, insert Figure 1 here

Figure 1. Data of two repeated measurements in persons stable on the outcome for estimating the
measurement error; in panel A are first (T1) and second (T2) scores specified with average of the two
measurements (i.e. middle dot) as a person’s true value; in panel B are scores centered around a person’s true

score.

The measurement error of an instrument is expressed in the same unit as its corresponding score (i.e. its unit of
measurement). This facilitates the interpretation. For example, when a person’s weight is measured, the
measurement error of a weighing scale is expressed in grams. Some instruments, like many patient-reported
outcome measures (PROMs), don’t have a meaningful unit of measurement, and hence neither does the

measurement error.

Reliability

Reliability indicates an instrument’s ability to distinguish between individuals — with various scores and despite
measurement error (3). This ability depends on the variation between the persons (heterogeneity in the
outcome being measured in the population), and the measurement error, i.e. variation within persons
(differences in scores due to other sources of variation, such as variation due to a rater, the occasion, or the
equipment used).

When individuals have distinctly different true scores, it is easier for the instrument to differentiate between
them, even if there is some measurement error. Consider measuring the heights of children aged 0 to 18 years
in a random sample of 30 individuals. Heights in this group might range from 50 cm (for infants) to 198 cm (for
older teenaged boys). Even if the measurement error is relatively high, such as 2 cm, the large differences in
true heights allow the instrument to maintain a consistent ranking of individuals from shortest to tallest. If the

measurement is repeated, the order of individuals will remain largely the same, leading to high reliability. Now



imagine measuring the heights of 30 children who are all close in age and size with an absolute difference in
size of only 10 cm. In this case, the measurement error of 2 cm represents a larger proportion of the total
variation. As a result, the ranking of individuals might differ between repeated measurements—one child might
rank taller than another in the first measurement but shorter in the second. These inconsistencies in ordering
reflect lower reliability. In the rare case where all individuals are exactly the same height, no instrument can
distinguish between them, and the reliability would be zero.

When scores from repeated measurements are compared, reliability can be visualized as the consistency of the
order of individuals between the two measurements. If the order changes between the first measurement (T1)

and the second measurement (T2), reliability is lower.

The Design

The basic design of a study on reliability and measurement error involves repeated measurements in individuals
stable on the outcome of interest. These repeated measurements are conducted under consistent
measurement conditions, with one (or more) condition purposefully varied. This condition represents the
source(s) of variation under investigation (e.g. rater, occasion or administration mode of a measurement
instrument) (4). All other conditions are either held constant, or are assumed not to influence the outcome
score.

In a reliability study, the goal is to assess the influence of various sources of variation on the score. While the
individual’s true score influences the observed score, other factors do as well. For example, if the goal is to
understand the influence of different raters on the score and raters are varied across the repeated
measurements, an inter-rater reliability study is conducted. If you are interested in the variation of occasion,
the measurements are repeated over time in a test-retest design. To understand the influence of the same rater
over time, an intra-rater reliability study is conducted with repeated measurements conducted by the same
rater. Note, that test-retest and intra-rater studies can share the same design structure, repeated measures by
the same rater over time, but the underlying assumption is different (3). In a test-retest study, we assume
stability of raters, and investigate the influence of occasion. In an intra-rater design, we assume stability of
occasions, and we investigate the influence of one rater.

All of these designs rest on the assumption of stability of the outcome in a person, that the true score of the

individual remains unchanged between repeated measurements. The validity of this assumption depends on



the nature of the measured outcome (some outcomes are more stable than others), and the time interval
between repeated measurements. If measurements are repeated immediately, participants may become tired
or get trained (e.g. in case of a performance-based test), or remember their scores (e.g. on questionnaires). If
time between measurements increases, true scores may have changed, and the assumption of outcome

stability does not hold.

For any measurement instrument, different sources of variation can influence the score. In order to decide
which sources to study for a particular measurement instrument, one can consider the components of the
measurement to facilitate designing the study (4), specifically for more complex designs, in which multiple
sources are varied across the repeated measurements. For example, Nederpelt et al. evaluated 6 MRI-based
parameters of brain atrophy, in 7 different brain regions (i.e. 42 parameters). Per parameter per brain region
they conducted reliability studies, varying the brand of the machine (3 types of machines) and the occasions
(test and retest), leading to 6 scans per patient. Subsequently, to provide the images both fillings and non-
fillings were used. And last, each scan was analyzed using 6 different software packages. In the end per
parameter, 72 scores were obtained per patient (see Figure 2).

This data can be analyzed at the same time, and variance components are obtained per source of variation. The
sources with relatively high variance components are most influencing the scores, and could be improved, e.g.
by better standardizing (e.g. improving instructions), or by restricting the source (e.g. measure a person on the

very same brand of machine).

In a reliability study measurements need to be repeated at least twice, but simulation studies suggest that
three times is most efficient (5), in terms of the least total numbers of measurements. However, this may not be
feasible for some outcomes or measurement instruments. For recommendations on the appropriate sample
size for patients and repeated measurements, we refer to the Sample size Decision Assistant, which helps to
decide on the number of study participants (patients) and repeated measurements (for example number of

raters) (6).

lllustrative example



The following example regarding facial tension of six babies illustrated how to examine the reliability and
measurement error. Table 1 shows scores on the item ‘facial tension’ of the COMFORT scale (5) for 6 babies
from 4 health care professionals (i.e. raters) who independently rated each baby at the same time. This setup
ensures the assumption of stability is met. The mean scores for the babies ranged from 4 to 7.5, while the mean

scores given by the raters ranged from 2.5 to 7.7.

Please, insert Table 1 here

Table 1. Artificial raw data on facial tension of six babies by four raters on the COMFORT scale ranging from 1-10

(high score means more discomfort).

The statistics

Using the same dataset, it is possible to calculate parameters for both reliability and measurement error. For
continuous scores the most commonly used parameters are intraclass correlation coefficients (ICCs) for
reliability, and the standard error of measurement (SEM) for single scores. There are various types of ICCs, and
SEMs, each suited to different study designs and assumptions. In Mokkink et al. (3) these types are described in
detail. Here we focus on the most commonly applied versions: ICCagreement, and the SEMagreement. Both
parameters are based on variance components (62). A variance component reflects the influence of a source of
variation on the score and can be estimated with an repeated-measures ANOVA or multi-level analysis.

In the example study design, individual babies are the individuals being measured, and the raters are the
measurement condition (i.e. source of variation) that is purposefully varied across the repeated measurements.
This allows us to estimate several variance components: variation between babies, (i.e. 0%pabies), reflecting the
heterogeneity in the sample, and the rater variance (i.e. 0%uter), representing the systematic difference between
the raters. Additionally, there is a residual error (also called a random error; 02esiqual), Capturing the remaining
unexplained variance. The residual error includes random fluctuation, but also any other sources of variation

that were not explicitly controlled for in the study design (i.e. no predefined measurement conditions).

In our example, individual variance components were: 62papies i 2.56, 0%rater IS 5.24, and 6% esigual is 1.02.

The ICCagreement is calculated by the formula:
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And the SEMagreement is calculated by the formula:

— 2 2
SEMagreement = \/(O_rater + Uresidual)

For our example this results in an ICCagreement 0f 0.29 (0.019 — 0.761), and a SEMagreement Of 2.5.

Reporting and interpretation

We recommend reporting the ICC and its 95% confidence interval, the SEM, and the different variance
components, that is the variance components of the individuals (between-person), the variance components of
the source(s) of variation varied across the repeated measurements, and the residual variance.

A commonly used threshold for sufficient reliability is ICC > 0.70 (6). The ICC in our example score is 0.29,
indicating insufficient reliability. This low ICC suggests that the measurement instrument is not capable of
reliably distinguishing between babies within this population. In such cases, the instrument is not suitable for
use in decision-making or evaluation. The 95% Cl ranges between 0.02 and 0.76, which indicates an uncertain
point estimate of the ICC (due to a small sample size).

The SEM provides insight into the precision of an observed score. In our example, the SEM is 2.5. This means
that if the observed score of a baby would be 5, their true score is likely (that is, we are 95% confident) to lie
within the range of 5 +/- 1.96 * SEM, i.e. between 0.1 and 9.9. This range covers nearly the entire scale,
indicating substantial measurement error and an imprecise observed score. In such cases, the observed scores

offer little confidence about a baby’s true score on the measured outcome.



In the light of these results, the question arises: how can this measurement be improved? If a particular source
has a large variance component, it indicates a systematic influences on the measurement. By examining the
variance components of the different sources of variance in the example study, we see that the o2 is larger
than the residual error (0% esiqual) and the individual variance (0%pabies). This suggests that the ‘rater’ is a
substantial source of measurement error. To improve the reliability of the instrument, it is important to
standardize this source, for example by improving the instructions to the raters or providing better training.
Qualitative research (e.g. focusing on the content validity of the measurement instrument(7)) can results in
better understanding how to improve the measurement instrument. Such improvements effectively result in a
revised version of the instrument, and a new reliability study is needed to evaluate whether these changes have

enhanced its performance.

Conclusions

Although the results in our example may seem extreme, substantial measurement error is often a common
challenge in practice. When reducing measurement error through design improvements is not feasible, a
practical alternative is to conduct repeated measurements and use their average as the final score, provided
this approach is clinically and ethical feasible. Regardless of the approach, it is important to always consider

measurement error when interpreting results.

Further reading:

Mokkink LB, Eekhout I, Boers M, van der Vleuten CPM, de Vet HCW. Studies on Reliability and Measurement
Error of Measurements in Medicine - From Design to Statistics Explained for Medical Researchers. Patient Relat
Outcome Meas. 2023;14:193-212.

This article explains how to formulating research questions for a study on reliability and measurement error,
Generalizability theory, how to choose between the various ICC and SEM formulas and it provide syntaxes for

calculating ICCs and SEMs in SPSS and R.



Buijs GS, ter Wee MA, Klein C, Mokkink LB, Dobbe JGG, Maas M, Schafroth MU, Streekstra GJ, Blankevoort L,
Kievit AJ. Operator variation in applying a knee loading device for evaluation of tibial component loosening in
total knee arthroplasty. Clinical Biomechanics. 2025;126:106531.

This article shows how a reliability study can be designed using the components of measurement instruments.
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