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Background

Behavioural and social sciences rely on
human involvement, whether as test
subjects or assessors, which introduces
unique challenges to measurement pro-
tocol accuracy (e.g. requirement of
highly standardized procedures, skilled
assessors and habituated participants).
These challenges must be considered
when interpreting collected data, as
human behaviour and responses are
inherently variable and influenced by
numerous factors. These include, among
others, measurement errors stemming
from instruments (device reliability) and
measurement errors appearing within
the testing procedures (protocol reliabil-
ity) (Warneke et al., 2025a; Kottner et al.,
2011; de Vet, Terwee, Knol, & Bouter,
2006).

Even if it was possible to standard-
ize all surrounding factors (e.g. tem-
perature, time of the day, protocol con-
ditions) while using 100% accurate de-
vices, secondary variance of testing re-
sults would still not approach 0%, as bi-
ological variability (e.g. motivation, cir-
cadian rhythms, learning effects) influ-
ences the reliability of the collected data
(de Vet et al., 2006; Patel et al., 2021; Oz-
turk et al, 2021). Moreover, especially
in subjective tests where skilled and ex-
perienced assessors are required for col-
lecting data (e.g. ultrasound (Warneke
et al,, 2022; Warneke et al., 2025b), my-
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adopt from Bland-Altman
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oton (Brandl, Acikalin, Bartsch, Wilke,
& Schleip, 2024; Warneke et al., 2025c),
goniometer (Pazira, Rostami Haji-Abadi,
Zolaktaf, Sabahi, & Pazira, 2016)), the
human-related variability must not only
be considered for participants, but also
for the assessors. For example, expe-
rience moderates ultrasound investiga-
tions, even if the ultrasound is considered
reliable (Warneke et al., 2025b). These
errors can accumulate and contribute to
biased measurement results that hamper
meaningful conclusions drawn from re-
search (Srinivasan, Westover, & Bianchi,
2012). This contrasts with the consensus
regarding the need for data to be col-
lected under reliable, objective and valid
conditions (Hopkins, 2000). What are
the consequences of all of this?

Quality criteria in data
collection—short summary of
terms and definitions

In its broadest sense, reliability is often
understood as the repeatability (repeat-
ing test under same conditions) and
reproducibility (reproducing the same
test but in a different population or
in, for instance, another laboratory) of
measurements as one essential precon-
dition for valid data collection (Hopkins,
2000; Atkinson & Nevill, 2000; Barnhart,
Haber, & Lin, 2007; Vetter & Schober,
2018). However, although often reported
to denote that the test was conducted

without meaningful measurement er-
rors, reliability and measurement error
analyses refer to very different concepts.
Reliability indices quantified as excellent
allow no statement about measurement
errors (Warneke et al., 2025a; de Vet
et al,, 2006). This difference was previ-
ously illustrated by Lamb (Lamb, 1998),
de Vet et al. (de Vet et al., 2006) and
Warneke et al. (Warneke et al., 2025a),
showing that excellent reliability values
such as the ICC can be accompanied by
meaningful measurement errors. Tests
can have high reliability values while con-
taining considerable measurement error,
simultaneously (Warneke et al., 2025a).
Furthermore, the ICC oftentimes ne-
glected systematic errors, meaning that
there were significant mean differences
between the test and the retest. For
example, if participants were unfamiliar
with a test, they habituate with the test
protocol and progressively increase from
test-to-test. For instance, several habit-
uation sessions were necessary to reach
a stabile testing niveau in strength tests
(Ploutz-Snyder & Giamis, 2001) or neu-
rocognitive tasks (Warneke et al., 2025d;
Reimers & Maylor, 2005), although the
ICC already indicated excellent relia-
bility between the first and second test
session.

A lack of awareness for the difference
between excellent ICCs and small mea-
surement errors can have serious implica-
tions for data interpretation of empirical
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Abbreviations

BA analysis Bland—Altman analysis

BPM Beats per minute

95%Cl  95% confidence interval

ICcC Intraclass correlation coefficient
LoA Limits of agreement

MAE Mean absolute error

MAPE Mean absolute percentage error

MDC Minimal detectable change
MPE Maximal percentage error

SEM Standard error of measurement
swc Smallest worthwhile change

results. If a repeated test does not lead to
the same result even when performed un-
der the same conditions (intraday relia-
bility), any conclusions derived from this
data must be questioned (Hopkins, 2000;
Atkinson & Nevill, 1998). Although re-
liable measurements can be seen as the
baseline for internal data validity there
are furtheraspectstobe considered. Even
if an assessment is highly repeatable and
reproducible, reliability should still be
considered a necessary, but insufficient
condition for validity (e.g. the counter-
movement jump is not valid to assess
shoulder range of motion).

Definitions from the literature

Given the paramount importance of re-
liability for all subsequently applied cal-
culations and interpretation of data, the
reader must note that no overall consen-
sus is available in the literature. Some
concepts are illustrated here, while oth-
ers can be reviewed elsewhere (Warneke
etal,, 2025a; de Vet et al., 2006; Hopkins,
2000; Atkinson & Nevill, 2000; Atkinson
& Nevill, 1998; Nevill & Atkinson, 1997;
Hopkins, 2004; Mokkink et al., 2020;
Weir, 2005; de Vet, Terwee, Mokkink, &
Knol, 2011). As Barnhart and colleagues
put it, “In the simplest intuitive terms,
reliable and accurate measurement may
simply mean that the new measurement
is the same as the truth or agrees with
the truth” (Barnhart et al., 2007, p. 530).
A ground truth is not always available or
is only measurable with some degree of
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error. Reliability metrics attempt to ac-
count for deviations between two mea-
surements over the investigated popu-
lation to assess how precisely the truth
can be determined. The Food and Drug
Administration (Food and Drug Admin-
istration, 2001) suggested “precision as
the closeness of agreement (degree of
scatter) between a series of measure-
ments obtained from multiple sampling
of the same homogeneous sample un-
der the prescribed conditions” (Barnhart
et al., 2007, p. 532). Conversely, accu-
racy reflects the closeness of mean test
results obtained by the method to the
true value (concentration) of the anal-
ysis (Schmidt et al., 2018). The devia-
tion of the mean from the true value, i.e.
systematic bias, serves as the measure
of accuracy (Barnhart et al., 2007). In
simple terms, precision refers to hitting
a spot under the same conditions (re-
flecting random error), while accuracy
requires hitting the correct spot consis-
tently (accounting for both random and
systematic error; Warneke et al., 2025a).

Therefore, accuracy refers to the close-
ness of the average of a result to the true
value, with minimal deviations (thus in-
cludes validity and precision). However,
in a pre—post study design with a control
group, systematic bias may be mitigated
by study design, making precision more
critical than accuracy (ie. as long as
the error is consistent in direction and
magnitude, we can still confidently assess
pre- to post-changes). These definitions
suggest an ample relevance of measure-
ment error quantifications reaching be-
yond common reliability quantification
when referring to accuracy and preci-
sion to underscore internal data validity.
Although the relevance of a valid quan-
tification is obvious, the literature pro-
vides numerous metrics without a clear
consensus regarding the gold standard
method. To move forward, we propose
an improvement of measurement error
quantification, but first several common
metrics must be introduced.

Reliability quantification in
literature

Assessment of measurement errors dates
back to at least the late 19th or early 20th

centuries. Pearson (1896-1901) con-
tributed with articles of mathematical
approaches to the theory of evolution
to assess the similarity and variability in
children with the same parents. Quoting
Pearson: “(...), the degree of correlation
between brothers and the variability of
an array of brothers due to the same
parentage, so we can determine the cor-
relation, i.e., the degree of resemblance
between the undifferentiated like or-
gans of the individual and the degree
of variability within the individual. This
determination is the answer to our first
fundamental problem, that of the ratio of
individual to racial variability” (Pearson,
1901, p. 287).

Correlations provide meaningful in-
formation (e.g. the strength of the
relationship between two variables) but
were not designed to quantify relia-
bility. Making a long story short: the
popular Pearson correlation does not
account for systematic or random error
as it represents the relation between two
parameters, not the agreement of mea-
surements (Lin, 1989; Bland & Altman,
1999). Therefore, large correlations may
sometimes mask systematic bias. Never-
theless, authors commonly provide the
intraclass correlation coefficient (ICC),
usually classified according to Koo and Li
(Koo & Li, 2016) ICCs =0.9 as excellent,
>0.7 as good and <0.7 as insufficient.
However, the ICC does not provide
sufficient information on measurement
errors (other works extensively discussed
this issue (Warneke et al., 2025a; Hop-
kins, 2000; Atkinson & Nevill, 2000;
Lamb, 1998; Atkinson & Nevill, 1998;
Nevill & Atkinson, 1997)) as it is simply
a correlation coefficient extended by
an analysis of variance of the included
values. To account for random and
systematic errors, Atkinson and Nevill
(Atkinson & Nevill, 2000) suggested the
Bland-Altman (BA) analysis (Dogan,
2018; Bland & Altmann, 1986). This
was taken up by some current papers
outlining the need for implementing BA
analyses (Grgic, Lazinica, Schoenfeld,
& Pedisic, 2020; Zoger, Nimmerichter,
Baca, & Wirth, 2025; Berchtold, 2016),
as agreement between the test-retest
was recognized as more important than
simply exhibiting a large correlation.



There are several formulas to quan-
tify the standard error of measurement
(SEM; Mokkink et al., 2020; Weir, 2005;
Palta et al., 2011; Harvill, 1991), leading
to different baseline values for follow-
up calculations such as the minimal de-
tectable change (MDC) (Seamon, Kautz,
Bowden, & Velozo, 2022; Powden, Hoch,
& Hoch, 2015) or the smallest worth-
while change (SWC; de Vet et al., 2006;
Willigenburg & Poolman, 2023). Inter-
estingly, some formulas to calculate the
SEM seem identical to the typical error
(TE; Hopkins, 2000). These additional
metrics were introduced to dampen the
ICCs’ limitations of just providing a value
on reliability, notaccounting for the mea-
surement errors (Warneke et al., 2025a;
de Vet etal., 2006). There are noteworthy
caveats when implementing these supple-
mentary metrics. If calculating the SEM
and the MDC based on the ICC (see for-
mulas provided in @ Table 1) these pro-
vide only a minor benefit for measure-
ment error quantification when assum-
ing the ICC lacks validity to account for
precision and accuracy, per se (Warneke
et al., 2025a). The SWC is often applied
by performing 0.2*SD (Marocolo et al.,
2019) under the assumption of 0.2 as
the threshold between small and trivial
effects (Warneke et al.,, 2025a; Cohen,
1988), while also SEM formulas without
the inclusion of the ICC should be pre-
ferred (de Vet et al., 2006; Mokkink et al.,
2020).

The BA analysis was introduced by
Bland and Altman (Bland & Altmann,
1986) to evaluate the agreement between
blood pressure devices. The measure-
ment error in the BA analysis is graphi-
cally illustrated by plotting the difference
between device value 1 and device value 2
on the y-axis, and the mean of the differ-
ence on the x-axis. This provides a graph-
ical illustration of the absolute measure-
ment error scattering in relationship to
the mean of the tests (also graphically
illustrated via the limits of agreement).
Also, the mean differenceis graphicallyil-
lustrated and stated as the systematic bias
line. If one device systematically mea-
sures higher/lower values than the other
device, the systematic bias line will devi-
ate from zero. This measurement error
analysis was suggested to be included into

reliability analysis by plotting the test-
retest difference in dependency of the
test-retest mean (Warneke et al., 2025a;
Atkinson & Nevill, 1998).

The BA analysis and the TE also have
meaningful limitations. First, transform-
ing test-retest data organization to sec-
ond best-best order affects precision and
accuracy, casting doubts on the objectiv-
ity and validity of the BA analysis and the
TE (for more details, see Warneke et al.
2025a). Second, interpreting the limits
of agreement (LoA) from BA analyses
as a measure for the random scattering
requires appropriate reporting and inter-
pretation to provide practically relevant
conclusions (Gerke, 2020). This is rarely
performed in the literature. For instance,
Grgic et al. (Grgic et al.,, 2020) showed
that only a handful of the included stud-
ies (12 intotal) performed Bland-Altman
analysis for reliability evaluation in maxi-
mal strength testing. They reported LoA
from the literature, ranging from +3-
5kg for the bench press, + 5-8kg for the
power clean, +8-13kg for the leg press,
and + 10-15 kg for the squat. These LoAs
(as stand-alone information) cannot be
interpreted without the respective refer-
ence means, underscoring the relevance
of key information that are practically
relevant. Whether these values are of
practical relevance depends on the mean
which is surrounded by these differences.
To illustrate: a LoA range from -5 to 5kg
might be acceptable if referring to a mean
of (e.g.) 500kg. If the mean strength was
only 10kg, these estimated LoAs must be
interpreted as unacceptable. This report-
ing problem, however, is not limited to
sports-related parameters, but can also
reviewed for clinical/medical outcomes
such as stiffness (Brandl et al., 2024). The
question arises whether there are better
ways to quantify and report reliability
so that practitioners and clinicians can
easily interpret the metrics.

Another often-overlooked issue in the
literature is that device-related reliabil-
ity may be highly specific not only for
the metric being assessed, but also sen-
sitive to dose. Perhaps the most well-
known example derives from reliability
studies of lactate analysers. Assessment
of multiple devices (i.e. different brands
and different models for a given brand)
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Abstract

Reporting reliability with precision and
accuracy is of paramount importance in
empirical data collections to ascertain
whether data is trustworthy. Reliability

is often quantified using the intraclass
correlation coefficient (ICC), from which

the standard error of measurement (SEM)
and the minimal detectable change (MDC)
can be calculated. However, the literature
outlined limited validity of the ICC to account
for systematic and random measurement
errors stemming from learning or fatiguing
effects or a lack of standardization or normal
biological variability, respectively. Therefore,
the Bland—Altman analysis was introduced
to illustrate the systematic bias and quantify
the random error via the limits of agreement,
originally used to evaluate agreement
between devices. Unfortunately, the
literature presents common interpretation
problems, including missing reference
values or misunderstanding of the message
transported by the upper and lower

border of the Bland—Altman analysis. In

this communication paper, we introduce

a modified reporting of the mean absolute
percentage error that can solve this
interpretation problem as it provides

a percentage reporting of the mean random
error and orientate on the random error
calculation performed in the Bland-Altman
analysis.

Keywords
Random error - Systematic bias - Precision -
Accuracy - Reliability

across blood samples with different lac-
tate concentrations showed that the de-
vices’ reliability is not uniform and in-
stead varies depending on the metabolite
concentration (Bonaventura etal., 2015).

Ways forward—providing an
easy interpretable absolute
error quantification

The BA analysis is an appropriate way to
explore the agreement between devices
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Table 1
Metric

ICC (general)—intraclass corre-
lation coefficient

1CC(1,1)—one-way random
effects model

1CC(2,1)—two-way random

effects model

1CC(3,1)—two-way mixed ef-
fects model

Mean absolute error (MAE)

Mean absolute percentage
error (MAPE)

Smallest worthwhile change
(SWQ)

Standard error of measure-
ment (SEM)—ICC based

Minimal detectable change
(MDCQ)

Typical error (TE)

Formulas for statistical metrics associated with reliability calculations.
Formula

2= between-subject variance
2= within subject variance

MSz—M

ICC(1,1) = W
MSg = between-subject mean square
MSw = within subject mean square
k= number of raters per subject

_ MS5—MS;g
ICC(21) = MSg+(k—1) MSyy+k 2L
MSg = between-subject mean square
MSw = within subject mean square
MSE = residual mean square
k= number of raters per subject
n=number of subjects

MS5—MS
ICC(3,1) = m

MSg = between-subject mean square
MSE = residual mean square
k=number of raters per subject

n=number of subjects
n

MAE = 1+ x ¥ |xi - yil
i=1

n=number of data points

i=index for each (paired) data point
xi= i-th data point in variable x
yi=i-th data point in variable y

MAPE = 1 x ifl
n=number of data points

i=index for each (paired) data point
xj= i-th data point in variable x
yi=i-th data point in variable y

SWC =0.2 x SDbase/ine
0.2 =based on Cohen’s d (small effect size), can vary depending

%hloo

i

on the study

SDpaseline = standard deviation at baseline
_ SDoify

SEM = 7

SEMicc = SDpaseline X /1= 1CC

SE Magreement = 0‘,%”3, + 0"2,\/

— 2
SE Mconsistency = \/ Oy

SDpifr= standard deviation of measurement differences
02,= between-rater variance

05‘,: within subject variance

ICC=intra class correlation coefficient at baseline

SDpaseline = standard deviation at baseline

MDC =z x SEM x \/2
z=z-score for confidence level (e.g. 1.96 for 95% Cl)
SEM = Standard error of measurement
SDy;
TE = \/"Ef
SDgir = standard deviation of the difference between to re-
peated measurements for the same subjects

to assess device objectivity/validity and
within one device between days (Interday
reliability). For instance, Ranganathan
et al. (Ranganathan, Pramesh, & Aggar-
wal, 2017) validated haemoglobin mea-
surement devices by using limits of agree-
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ment (LoA). The LoAs refer to the range
in which 95% of the test-retest differ-
ences are plotted against the test-retest
mean. 5% of the mean differences are
outside these limits. This quantification
of measurement errors faces practitioners

and researchers with problems of inter-
pretability. In one example, the authors
concluded from a BA analysis LoAs anal-
ysis that the testing was reliable as “All the
measurement points of the device were
within the limits of agreement” (Brandl
etal., 2024), which can only be attributed
to n=16. Secondly, the authors high-
lighted their thoracolumbar fascia de-
formation determination as being highly
reliable since “Bland-Altman plots for in-
tra- and interrater reliability showed that
almost all points were within the limits
of agreement’, making their method ap-
propriate to detect lower back pain (jus-
tifying clinical relevance via BA analy-
sis). Thirdly, Koch & Wilke (2022) wrote
“that the points were scattered in an un-
biased pattern, with most of them falling
within the limits of agreement”. These
examples illustrate that BA analyses are
often inappropriately discussed. Any ex-
clusively qualitative evaluation without
clear measurement error quantification
calls for improvements. One possibility
to quantify the random scattering is pro-
vided via the mean absolute error (MAE)
(calculation formula, @ Table 1).

The MAE provides an absolute error
quantification by calculating the differ-
ence between the test-retest. This metric
is objective and does not depend on data
organization, meaning the MAE does
not change when reorganizing test-retest
data order to best-second best organisa-
tion (Warneke et al., 2025a). A further
advantage is that it is reported in the
measurement unit of the monitored pa-
rameter, which eases interpretation. It
can be seen as an expression of the mean
random scattering, while the paired sam-
pled t-test between the test-retest re-
sults within a reliability analysis quan-
tifies the systematic error (e.g. to ac-
count for warm-up, cool-down, or sys-
tematically differing measurement tech-
niques between assessors) (Atkinson &
Nevill, 2000; Barnhart et al., 2007). As
for the BA analysis, we are confronted
with the limitation of reporting the refer-
ence mean value (e.g. maximal strength
was determined with 100kg with a MAE
of 5kg). If the reference value (100kg)
is not provided, the reader cannot inter-
pret whether a 5kg LoA/MAE/SEM is to
be classified as high or not, as 5kg error



around 1000kg seems negligible, while
a 5kg measurement error around a mean
of 10kg indicates a precision problem. To
counteract, the mean absolute percentage
error (MAPE) can be additionally pro-
vided (Willmott & Matsuura, 2005; Kim
& Kim, 2016) (B Table 1) as a dimension-
less quantification of the mean absolute
error. A 5% measurement error automat-
ically refers to areference value (5 kg mea-
surement error around a mean of 1000 kg
was 0.5%, while the 10kg with 5kg MAE
is provided as 50% MAPE). Therefore,
the MAPE could quantify the mean ran-
dom scattering (a measure for precision),
which should be interpreted in combina-
tion with the LoAs of the BA analysis and
the systematic error, as a high MAPE can
occur with or without a meaningful sys-
tematic bias. Taken together, a minimal
variance (excellent ICC) without a sys-
tematic error and a small random error
would indicate accurate testing (Warneke
et al., 2025a). However, the MAPE in its
current form can lead to invalid conclu-
sions as percentage values always need
a reference value, therefore, the question
arises: percentage of what?

What the MAPE should adopt
from the Bland-Altman analysis

In our previous review (Warneke et al.,
2025a) we highlighted that excellent ICCs
(Koo & Li, 2016) (as the most com-
mon metrics to quantify reliability) can
be associated with meaningful random
error. Moreover, ICCs increased when
data were re-organized from test-retest to
best-second best (Warneke et al., 2025a).
Therefore, exclusively focusing on the
ICC (especially in small sample sizes)
can result in misleading results that bias
subsequent conclusions. BA plots were
also vulnerable for data re-organization,
indicating improved precision when data
were presented in best-to second best ar-
rangement. The only parameter that re-
mained robust for such problems was the
MAE, favouring its implementation in
measurement error analyses. The MAE
can also be expressed as the MAPE. This
percentage expression of measurement
errors provides an easily interpretable
metric, but dependent on the reference
value.

What if there is a systematic error (im-
pacting accuracy (Barnhart et al., 2007)),
but we want to quantify the absolute er-
ror in percent? This problem can be
reviewed in @Table 2, showing (simu-
lated) heart rate screening test-retest val-
ues with a mean of 64.07+10.50 beats
per minute (BPM) in the first test, and
64.20+ 13.74BPM in the second test. The
MAE of 10.8 BPM indicates a precision
rather than an accuracy problem as mea-
surement errors can be attributed to ran-
dom errors and no significant systematic
error was found via the paired sample
t-test for retest—test difference which is
0.13BPM with p=0.92. Depending on
taking the test- or the retest as refer-
ence, the corresponding MAPE is 17.15%
or 17.00%. If we are now interested in
maximal heart rate and reorganize data
(best-second best) as done in Warneke
et al. (Warneke et al., 2025a), we pro-
duce a systematic error in our reliabil-
ity statistics with p<0.001, as the de-
scriptives change to 58.73+11.00 BPM
and 69.53 + 10.88 BPM, respectively. The
MAE stayed constant with 10.8 BPM, so
the question arises of which reference
value should be chosen in this case. The
problem is obvious as the MAPE depends
on the reference value: referring to the
higher heart rate as the baseline results
in a difference which is 15.64% (MAPE).
Choosing the lower value, the MAE re-
ferred to a smaller baseline; therefore,
the percentage error increases to 19.30%
when referring to the second best. How
can this problem be solved?

For both the MAE and the MAPE,
the reference value is important and
both formulas refer to one value as the
reference. However, when considering
MAPE in future analyses as a percentage
quantification of the random scatter-
ing graphically illustrated via the BA
analysis (Carstensen & Ekstrom, 2011),
the problem of the reference value is
solved by improving two limitations:
a) the reference problem of the MAPE
by not referring to x; but to the mean
of the test-retest difference and b) the
interpretation limitation of BA analysis.

Therefore, we suggest a quantification
by adjusting the MAPE as follows:

n

1 Xi—Yi
MAPEadjusted = ; * ; T=0) *100
= 2
n =number of data points
i = index for each (paired) data point
Xi =i-th data point in variable x
Vi = i-th data point in variable y

This results in an adjusted MAPE of
16.87%, independent of whether there
was a systematic error or not. As the BA
plot illustrates the mean difference in de-
pendency on the mean, this MAPE cal-
culation leads to a percentage expression
of the mean of the plotted measurement
errors in the BA analysis. Therefore, in
combination with the maximal percent-
age error (MPE; to account for outliers)
it provides an objective measure for reli-
ability, interpretable without knowledge
of the reference mean (see, for only one
example, meta-analysis from Grgic et al.
(Grgicetal.,,2020)). In contrast, although
the MAE stays constant even in the pres-
ence of large systematic errors in the data
organization, the question about the ref-
erence value is linked with the MAPE
problem. In our example, the heart rate
MAE of 10.8 BPM must be interpreted
differently in case the mean heart rate is
58 BPM or 69 BPM. To solve this prob-
lem, the mean of both values should be
considered, and the calculation formula
of the MAE does not need to be changed
for that.

Precision versus accu-
racy—what is reliability
referring to?

While applying the BA analysis provides
a combination of a quantitative and qual-
itative evaluation of the systematic and
random error, it is not clear if both are
required to assess reliability. It is cur-
rently unclear if reliability refers only to
precision, or if accuracy is required. Ac-
curate data collection would require hit-
ting one spot repeatedly and assume that
spot is the right (“true”) one (whatever
this might be). Equating reliability with
accurate data collection would therefore
cause a confusion of different metrics,

German Journal of Exercise and Sport Research ‘
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Table 2 Data Simulation for heart rate measurement to illustrate the problem of data reorganization (following Warneke et al. 2025)

Participant HRT1 HRT2 MAE

T1
1 62 54 8 14.81
2 61 76 15 19.74
3 55 45 10 22.22
4 64 55 9 16.36
5 52 64 12 18.75
6 67 71 4 5.63
7 81 66 15 22.73
8 70 55 15 27.27
9 47 49 2 4.08
10 61 51 10 19.61
1 66 75 9 12
12 78 84 6 7.14
13 65 53 12 22.64
14 62 50 12 24
15 68 82 14 17.07
16 64 51 13 25.49
17 48 55 7 12.73
18 59 51 8 15.69
19 45 67 22 32.84
20 80 69 1 15.94
21 74 64 10 15.63
22 56 45 11 24.44
23 79 83 4 4.82
24 64 72 8 11.11
25 80 89 9 10.11
26 61 69 8 11.59
27 80 88 8 9.09
28 67 51 16 3137
29 58 67 9 13.43
30 48 65 17 26.15
Mean 64.07 6387 1047 17.15
SD 105 1316 - -
MAX Error - — — 32.84
Correlation - - - 0.55

HR heart rate, MAE mean absolute error, MAPE mean absolute error percentage error, SD standard deviation

MAPE T2-

MAPET1- LowerHR HigherHR MAE MAPET2- MAPET1- MAPE adjusted
T2 T T2

129 54 62 8 129 14.81 13.79
24.59 61 76 15 19.74 24.59 21.90
18.18 45 55 10 18.18 22.22 20.00
14.06 55 64 9 14.06 16.36 15.13
23.08 52 64 12 18.75 23.08 20.69
5.97 67 71 4 5.63 597 5.80
18.52 66 81 15 18.52 22.73 20.41
2143 55 70 15 2143 27.27 24.00
4.26 47 49 2 4.08 4.26 417
16.39 51 61 10 16.39 19.61 17.86
13.64 66 75 9 12 13.64 12.77
7.69 78 84 6 7.14 7.69 741
18.46 53 65 12 18.46 22.64 20.34
19.35 50 62 12 19.35 24 2143
20.59 68 92 24 26.09 35.29 18.67
20.31 51 64 13 20.31 25.49 22,61
14.58 48 55 7 12.73 14.58 13.59
13.56 51 59 8 13.56 15.69 14.55
48.89 45 67 22 32.84 48.89 39.29
13.75 69 80 1 13.75 15.94 14.77
13.51 64 74 10 13.51 15.63 14.49
19.64 45 56 1 19.64 24.44 21.78
5.06 79 83 4 4.82 5.06 4.94
125 64 72 8 1mn 125 11.76
11.25 80 89 9 10.11 11.25 10.65
13.11 61 69 8 11.59 13.11 1231
10 80 88 8 9.09 10 9.52
23.88 51 67 16 23.88 31.37 27.12
15.52 58 67 9 13.43 15.52 14.40
3542 48 65 17 26.15 3542 30.09
17 58.73 69.53 108 15.64 19.3 16.87
= 10.79 10.7 = = = =
48.89 = = = 32.84 48.89 39.29
= = = = 0.9 = =

leading us to the suggestion to refer to
precision when talking about reliability,
while the actual requirement of data col-
lection with clinical and practical mean-
ing was accuracy. This differentiation is
essential, as inaccurate measurements in
medical and applied settings can result in
misdiagnoses or inappropriate interven-
tions (Parker et al., 2023). While preci-
sion ensures consistency, only accuracy
guarantees that decisions based on the
data truly reflect the underlying physio-
logical or biomechanical reality. There-
fore, a combination of the BA analysis, an
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investigation of the systematic error (in-
ference quantification) is required, while
the MAPE serves as a valid supplemen-
tation as a quantification of the mean
random error.

Limitations

One limitation of the current approaches
is that only two tests (timepoints, meth-
ods) can be plotted against each other.
When having more than two test time
points, advanced approachesare required
toinclude e.g. three or four columns (Ek-

strom & Carstensen, 2024). However,
this discussion goes beyond the scope
of this work, which is to improve the
MAPE formula. Furthermore, although
BA analyses provide relevant information
on agreement between two methods, the
random error estimation via LoAs must
be viewed as an estimation that was im-
proved by determining the exact limits
(Carkeet, 2015; Carkeet & Goh, 2018).
Another limitation that can be seen in
the formula of the MAE is that it suggests
one value (test 1 or test 2) indicates that



one was the reference value. This is not
always the case.

Conclusion

In addition to focusing on relative re-
liability metrics such as the intraclass
correlation coefficient (ICC), there is
a need to account for systematic and
random errors. The mean absolute error
(MAE) and mean absolute percentage er-
ror (MAPE) provide easily interpretable
metrics, representing the actual absolute
measure in relationship to its mean.
While the Bland-Altman (BA) analysis
provides a promising approach, quan-
tification and interpretation are often
performed inappropriately in the liter-
ature, calling for additional approaches
that help the reader understand what was
shown by the BA analysis. The MAPE
adjustment provided here can serve as
a dimensionless and easily interpretable
quantification of precision without the
limitations of commonly implemented
metrics.  Overall, current reliability
measurements focus excessively on pre-
cision, and greater efforts should be
implemented to assess accuracy.
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