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Abstract

Background Observational data on composite scores often comes with missing component information. When

a complete-case (CC) analysis of composite scores is unbiased, preferable approaches of dealing with missing com-
ponent information should also be unbiased and provide a more precise estimate. We assessed the performance
of several methods compared to CC analysis in estimating the means of common composite scores used in axial
spondyloarthritis research.

Methods Individual mean imputation (IMI), the modified formula method (MF), overall mean imputation (OMI),

and multiple imputation of missing component values (M) were assessed either analytically or by means of simula-
tions from available data collected across Europe. Their performance in estimating the means of the Bath Ankylosing
Spondylitis Disease Activity Index (BASDAI), the Bath Ankylosing Spondylitis Functional Index (BASFI), and the Ankylos-
ing Spondylitis Disease Activity Score based on C-reactive protein (ASDAS-CRP) in cases where component informa-
tion was set missing completely at random was compared to the CC approach based on bias, variance, and coverage.

Results Like the MF method, IMI uses a modified formula for observations with missing components resulting

in modified composite scores. In the case of an unbiased CC approach, these two methods yielded representative
samples of the distribution arising from a mixture of the original and modified composite scores, which, however,
could not be considered the same as the distribution of the original score. The IMI and MF method are, thus, intrinsi-
cally biased. OMI provided an unbiased mean but displayed a complex dependence structure among observations
that, if not accounted for, resulted in severe coverage issues. Ml improved precision compared to CC and gave unbi-
ased means and proper coverage as long as the extent of missingness was not too large.
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spondyloarthritis

Conclusions Ml of missing component values was the only method found successful in retaining CC's unbiasedness
and in providing increased precision for estimating the means of BASDAI, BASFI, and ASDAS-CRP. However, since Ml

is susceptible to incorrect implementation and its performance may become questionable with increasing missing-
ness, we consider the implementation of an error-free CC approach a valid and valuable option.

Trial registration Not applicable as study uses data from patient registries.

Keywords Composite score, Missing components, Complete-case analysis, Multiple imputation, Axial

Background

Validated composite scores derived from several com-
ponents, each measuring different aspects of a patient’s
disease status, are important tools when aiming to cap-
ture the multi-faceted nature of many diseases. For
axial spondyloarthritis (axSpA), a chronic inflamma-
tory rheumatic disease primarily affecting the spine,
composite scores measuring disease activity and physi-
cal function are important tools used in both rand-
omized clinical trials and routine care [1-6].

Composite score values cannot be calculated if one or
more component values are missing. Researchers faced
with missing component values in their study’s sam-
ple must therefore take a decision about how to han-
dle the situation. The easiest approach is to disregard
observations with incomplete component information
and to perform a complete-case (CC) analysis to esti-
mate the distributional parameter of interest. However,
this comes with two disadvantages: reduced precision
compared to what would have been achievable had all
observations been fully observed and the possibility of
bias. Understandably, researchers would prefer meth-
ods that are able to make use of the available partial
information to minimise loss of precision as well as to
prevent possible bias.

In this study, we aimed to assess and compare the
performance of several alternatives to the CC approach
in estimating distributional parameters for commonly
used composite score outcomes in axSpA research: the
Bath Ankylosing Spondylitis Disease Activity Index
[1], BASDAI the Bath Ankylosing Spondylitis Func-
tional Index [2], BASFIL, and the Ankylosing Spondylitis

Table 1 Composite scores

Disease Activity Score based on C-reactive protein
(CRP) [3, 4], ASDAS-CRP. These composite scores dif-
fer in terms of calculation (a simple arithmetic mean of
components in case of BASFI versus a weighted sum
of possibly transformed components for ASDAS-CRP)
as well as the source (patient or physician reported)
and nature (visual analogue scale or numeric rating
scale versus laboratory measurement) of the compo-
nents (Table 1). Composite scores whose components
measure different characteristics of a disease on the
same scale (with larger values being indicative of a
more severe disease), such as the BASDAI and BASFI,
are often either weighted or unweighted averages of
the components. For such composite scores, research-
ers are inclined to assume that the arithmetic mean of
the observed components provides a reasonable sub-
stitute for the missing value of other components [7].
For example, for the BASFI such an individual mean
imputation (IMI) approach would simply replace a sin-
gle missing component value by the arithmetic mean
of the remaining nine observed components. Alterna-
tively, instead of imputing a missing component value,
that component can simply be discarded from the com-
posite score formula and the composite score derived
as the average of the observed components with modi-
fied weights that preserve the relations [7, 8]. Regarding
the BASFI, this modified composite score formula (MF)
approach would simply calculate the arithmetic mean
of the observed components. For both approaches,
the original sample size is retained and no informa-
tion is discarded. It is, however, unclear whether these

Composite score Formula®

BASDAI
BASFI
ASDAS-CRP

0.2%(Qgaspa! + Qpaspa2 + Qgaspad + Qaaspard) +0.1*(Qgaspa> + Qaaspad)
0.1%(Qgasri1 +Qpasri2 + Qaasei3 + Qaaseid + Qaasei> + Qaasei® + Qaasei” + QaaseiB + Qaasei? + Qaasei 10)
0.121*[Qgaspa2] +0.110*[patient global assessment of disease] +0.073*[Qgaspa3] +0.058*[Qg s

61 +0.579%In(max(CRP, 2) + 1)]

@ All patient reported components, i.e., all components but CRP, are assessed by means of visual analogue scales or numerical rating scales from 0 to 10. For detailed

information on components, we refer to [1-4] as well as Additional file 1
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approaches are unbiased and to what extent they pre-
serve precision compared to a CC analysis.

We can also take advantage of the availability of the
other observations in the sample. For instance, replac-
ing a missing component value by the mean of all
observed values for that component in the sample (or
a suitable subset thereof) is justifiable as a means to
replace a missing value by its estimated expected value.
This preserves the expected value of the composite
score but not its distribution. Such an overall mean
imputation (OMI) approach has received criticism in
the past [7, 9]. We have included this method in our
study nonetheless to investigate in more detail why
it fails. Another, relatively new approach is multiple
imputation (MI), which, as the name suggests, imputes
a missing value not just once but multiple times based
on what is learned about the component from the sam-
ple [10]. MI methods are now widely used to deal with
missing information, particularly missing informa-
tion in covariates. But they have also previously been
assessed in the context of composite scores as the
outcome variable such as the EuroQoL 5-Dimensions
3-level utility score, the 12-item Short Form Survey
score, and the American College of Rheumatology 20%
improvement measure [11-13]. These studies focused
on comparing MI at the level of the composite score
with MI performed at the level of the components of
the score. They found support for a superior perfor-
mance of MI at the level of the components in terms
of precision when partial information on components
was available. Such findings make sense intuitively as
MI at the composite score level ignores any partially
available component information. Moreover, MI at the
level of the composite score outcome is considered to
have limited potential to outperform a CC approach
in terms of precision [10, p. 25][14, 15]. It is therefore
reasonable to hypothesize that MI at the component
level would outperform CC analysis in this regard.

For this study, we wanted to estimate the expected
value, i.e., the population mean, of the composite
scores BASDAI, BASFI, and ASDAS-CRP and inves-
tigate situations for which analyses restricted to the
observations with complete component information
(CC approach) are unbiased but suffer from loss of
precision due to the reduced sample size. The han-
dling of missing component information in such situa-
tions should ideally save the available information with
respect to the composite score and obtain a more pre-
cise estimation compared to the CC approach, without
resulting in bias. The performance of the imputation
methods was assessed by means of simulations from
available data [16] (for OMI and MI) or analytically
(for IMI and MF).
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Methods

Data provenance and composite scores of interest

The EuroSpA Research Collaboration Network (RCN) is
a registry-based initiative to collaboratively investigate
observational data from axSpA and psoriatic arthritis
patients throughout Europe [17]. For the present study,
we used data collected from 13 European registries (see
Additional file 1) on axSpA patients diagnosed at an age
of 18 years or older who initiated biological disease-
modifying anti-rheumatic therapy with a tumour necro-
sis factor inhibitor (TNFi) until December 31, 2018. The
data set provided information on the patient’s first (and,
possibly, further) TNFi treatment course and contained
measurements of BASDAI, BASFI, and ASDAS-CRP
components at up to three time points after the start of
each TNFi (6-, 12-, and 24-months post-baseline) (see
[18] for a prior study based on these data). For each
composite score, we used all observations with com-
plete component information regardless of treatment
course or timing as the underlying distribution of inter-
est. Table 1 provides an overview of the composite scores
assessed.

Estimand and CC approach

The estimand, that is the quantity of interest whose esti-
mation was to be assessed and compared between the
different methods, was the expected value of the underly-
ing composite score (BASDAI, BASFI, and ASDAS-CRP)
distributions post-baseline. The estimand was estimated
by the sample arithmetic mean.

The CC analysis was the reference method. A CC anal-
ysis provides unbiased estimates if the missingness is
independent of the outcome variable (here the composite
score) given the variables the estimation is conditioned
on [10, 15]. With missingness completely at random (as
chosen here), missingness and outcome variable are even
unconditionally independent. It essentially means that
a random sample of reduced size is obtained. The loss
in precision of the arithmetic mean estimator with CC
analysis compared to the original full sample is equal to
the proportion of observations with missing component
information (for a derivation see Additional file 1).

Imputation methods for missing component values

Imputation by the arithmetic mean of the remaining
observed components for the observation (IMI), impu-
tation by the arithmetic mean of all values observed
in the sample for the component missing information
(OMI), modified composite score formulae not using
the components missing information (MF), and MI
by full conditional specification [19] were all investi-
gated and compared to the CC approach with respect to



Polysopoulos et al. BMC Medical Research Methodology (2025) 25:55

Table 2 Imputation methods for missing component information
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Method Description

Individual mean imputation (IMI)
for that observation

A missing component value is imputed by the arithmetic mean of the component values observed

Example: A missing Qgaspa 1 Value is set to the arithmetic mean of the values observed
for Qgaspai2 10 Qgaspad resulting in a composite score of 0.2*(mean(Qgaspp2, -- -
Qsaspaid) + Qaaspai2 + Qaaspa3 + Qeaspar) +0.1%(Qaaspad + Qgaspald)

Modified formula (MF)

The composite score is calculated as the weighted sum of the component values observed

for the observation, where the weights are a scaled version of the components’original weight
with scaling factor equal to the total sum of the components' original weights / the sum of original
weights of observed components

Example: In case of a missing Qgaspa 1 Value the composite score is derived as the weighted
average of the values observed for Qgagpa2 10 Qpaspa® With weights of 0.25 for Qgagpa2

to Qgaspad and 0.125 for Qgaspa5 and Qgaspa 6 resulting in a composite score of 0.25%(Qgps.

pai2 + Qgaspad + Qeaspad) +0.125%(Qpaspad + Qgaspad)

Overall mean imputation (OMI)

A missing component value is imputed by the arithmetic mean of the values observed for that compo-

nent in the other observations

Example: A missing Qgagpp ! Value is set to the arithmetic mean of all observed
Qgaspar! Values in the sample resulting in a composite score of 0.2*(mean(observed
Qaasoa!) +Qaaspa2 + Qaaspa3 + Qaaspard) +0.1%(Qgaspad + Qgaspal)

Multiple imputation (M) of monotone
missingness patterns using conditional
specification

A comprehensive description of the method is provided in [10, 19] and guidance on its implementa-
tion with the R package mice is provided by [19, 20]. The type of imputation for a component was set
to predictive mean matching and the imputation model consisted of all components fully observed

for the first component imputed, all components fully observed plus the first component imputed

for the second component imputed, and so on. Since all observations with missing component
information in a particular sample missed information on the same components, the procedure

simply imputed the components according to their numbering in the composite score formulae. We
set the number of times we imputed equal to the sample’s percentage of observations with missing
component information [14], which ranged between 10 and 90%. For a sample with 90% of observa-
tions missing component information, we thus generated 90 completed data sets for which the miss-
ing component values were imputed as described above. Following calculation of individual composite
scores, each of the 90 data sets provided an estimate of the composite score’s expected value, which
were then combined as described by [10, 19] to produce the Ml estimate for the sample

performance. Following imputation of the missing com-
ponent values, the composite scores were calculated.
Table 2 provides an overview of the methods assessed
and details of the implementation. ASDAS-CRP includes
a CRP-based component equal to the log transforma-
tion of max (CRP, 2) + 1. For our assessments, we worked
with this transformed CRP. For example, with OMI and
a missing CRP measurement leading to a missing value
for In (max (CRP, 2) +1), that missing value was imputed
as the arithmetic mean of all In (max (CRP, 2)+1) val-
ues observed in the sample. Since ASDAS-CRP is not an
average of components of equal scale and includes dif-
ferent sources (patient and laboratory), IMI and the MF
method were not considered for this outcome.

Analytical assessments

IMI and the MF method are applied on the level of the
individual observation. By setting the values of a particu-
lar set of components to missing for all observations in
the EuroSpA RCN data and then applying the IMI or MF
method to all of them allowed us to derive the underly-
ing distribution of the score pertaining to each method
and set of components. For BASDAI, which consists of
six components, there were 62 different combinations

or patterns of missing components with at least one
observed. For BASFI with ten components there were
1022. For both methods, we characterised the 62 and
1022 score distributions by their arithmetic mean and
variance and compared these with the arithmetic mean
and variance of the true composite score distribution.
For each composite score, we then assessed three con-
crete missingness patterns (or scenarios) in more detail.
Our choice of missingness patterns was guided by the
assumption that the differences in the population means
of components are the main determinant of the meth-
ods’ performance. We therefore selected three patterns
missing one component each, either the component
with the smallest, the largest, or a population mean in
the middle as observed in our underlying distributions.
We investigated several settings per scenario and com-
posite score that varied with respect to sample size and
the proportion of observations missing information. The
observations, for which component information was sub-
sequently set to missing, were selected at random. The
settings investigated differed for the different perfor-
mance measures. The performance measures used were
bias, variance, percent precision gain, and coverage of
the two-sided 95% Wald-type confidence interval (CI).
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Since bias and percent precision gain are invariant to
changes in the sample size, we only varied the proportion
of observations missing information. Variance and cover-
age, however, also depend on the sample size. We there-
fore assessed all combinations of sample size (200, 500,
1000, and 10,000) and proportion of observations miss-
ing information (0.05, 0.1, 0.2, 0.5, and 0.95). For more
information on the performance measures see the later
section on performance assessment.

Simulation
For OMI and MI, we utilized simulations to estimate the
methods’ performance in absence of analytical tractability.

Basic set-up

Each simulation was performed by repeatedly draw-
ing with replacement from the underlying distributions
of BASDAI, BASFI, or ASDAS-CRP to generate 2000
equally sized samples of independent and identically dis-
tributed data.

Introducing missing component information

For each sample, missing component information was
introduced by selecting at random the desired number
of observations for which certain component values were
then set to missing. Given these conditions, both OMI
and MI were expected to be unbiased and gain in preci-
sion was our main focus in terms of performance. Our
choice of missingness patterns was guided as follows:
The larger the extent of missingness is or the smaller
the amount of information that is saveable, the less sav-
ing information should pay off in terms of precision.
The extent of missingness is determined by the number
of components missing and the weight they have in the
composite score formula. We selected three missing-
ness patterns or scenarios per composite score such that
the extent of missingness increased (Table 3). For BAS-
DAI and ASDAS-CRP two of the three patterns lacked

Table 3 Simulated missingness scenarios
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information on a single component, either the compo-
nent with the smallest or the largest weight. The third pat-
tern missed information on two out of three or three out
of five components, respectively. For BASDALI all but the
two components in their respective weight groups with
the smallest proportion of missing values in the EuroSpA
RCN data were set missing. For ASDAS-CRP we selected
the three components with the largest weight to be miss-
ing. For BASFI, with equal component weights, the com-
ponents for missing information (either one, three, or
six out of ten) were selected according to the observed
proportion of missing values in the EuroSpA RCN data.
For example, for BASDAI and scenario 3 with a sample
size of 200 and a proportion of observations with miss-
ing component information of 50%, a sample consisted
of 100 fully observed observations and 100 observations
that missed information for the same four BASDAI com-
ponents. For each composite score and given scenario,
sample size, and proportion of observations with missing
information we performed a separate simulation.

Simulation parameters

For each simulated scenario, we varied the sample
size and the proportion of observations with missing
information (ensuring that the number of completely
observed observations was>100) [21]. For a sample
size of 200, we selected 10%, 25%, 37.5%, and 50% of
observations with missing component information. For
500, the proportions of observations with missing com-
ponent information were 10%, 20%, 50%, and 80% and
for 1000 10%, 50%, 75%, and 90%. In total, we investi-
gated twelve parameter settings for each scenario and
composite score, leading to 108 separate simulations.

Performance assessment
We assessed the performance of the methods by means
of bias, variance (empirical and model-based), and

BASDAI BASFI ASDAS-CRP

Components Saveable Components with missing information® Saveable Components Saveable

with missing amount (%)° amount (%)°  with missing amount

information?® information? (9)P
Scenario 1 Qgaspa® 90 Qgasr10 90 Qgaspal® 93.8
Scenario 2 Qgaspal 80 Qgasr 10, Qgas9, Qgasei8 70 CRP 385
Scenario 3 Qpaspal 30 Qsasr10, Qsase9 Qaasri8: Qeasal, Qpasri3, Qpaseid 40 CRP, Qgaspar2, 139

Qraspa3: patient global

Qgaspart:

Qgaspar®

2 All other components were fully observed

b Of information for observations with missing component values. Calculated as the sum of weights of fully observed components/the sum of all weights. In case of

ASDAS-CRP the sum of all weights is not equal to one
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coverage of their estimator as well as some therefrom
derived measures such as the percent relative error of
the model-based versus the empirical variance and, for
comparisons of methods, the percent precision gain of
methods compared to the comparator method CC. For
an overview and explanation of the performance meas-
ures used we refer to the Additional file 1 as well as [16]
for further details. In case the performance measures are
not analytically tractable or with difficulties only, simu-
lations allow us to estimate them. We considered the
chosen number of simulation repetitions to provide a
suitable precision in estimating the performance meas-
ures for OMI and MI. To accommodate the uncertainty
left, we reported the performance measures as estimates
and two-sided 95% Wald-type Cls.

Software

All analyses were performed in R [22], version
4.2.0, with the RStudio IDE [23], server version
2022.02.2 + 485. For MI we used the package mice [20],
version 3.15.0. To enable parallel computing, we made
use of packages doParallel [24], version 1.0.17, and
foreach [25], version 1.5.2. Figures were mainly pro-
duced using the ggplot2 package [26], version 3.4.0.

Results

Description of data

A total of 39,920 BASDAI, 20,680 BASFI, and 32,722
ASDAS-CRP observations with complete component
information were available. Density plots and means for
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the composite scores are shown in Fig. 1 (see Figure S1,
Additional file 2, for respective densities split by registry
and Table S2, Additional file 2, for further information
on the available data). The distributions for the different
post-baseline timepoints were similar, which justified
ignoring the post-baseline timing in our assessment from
a clinical perspective. Figure 2 shows component means
and variances (see Figures S2 and S3, Additional file 2, for
overall and registry-split component densities). The dif-
ferences between components in terms of means ranged
over one to two units.

The number of observations with at least partial com-
ponent information in the original EuroSpA RCN data
varied for the different composite scores: BASFI com-
ponents were assessed about half as often than BASDAI
components, which were themselves assessed less often
than ASDAS-CRP components. When obtained, how-
ever, BASFI had the lowest proportion of observations
with missing component information, 1.6%, followed by
BASDAI with 5.3% and ASDAS-CRP with 39.3% (see
Tables S2/S3, Additional file 2). For ASDAS-CRP, which
combines three distinct assessments (patient global
assessment of disease, CRP, and BASDAI components),
assuming the availability of at least one component
means that its collection was intended, is questionable
and very likely resulted in a comparatively large propor-
tion of observations with missing component informa-
tion. For all three composite scores, the missingness of
components did not seem to be independent, i.e., miss-
ingness of several components per observation was more
probable than expected under independent missingness

BASDAI

BASFI

ASDAS CRP

25

50 75

Score

Timepoint [_] émonth { | 12month { | 24month

Fig. 1 Post-baseline composite score densities overall and by post-baseline timepoint. BASDAI: n=39,920, mean=3.02, BASFI: n=20,680,
mean=2.9, ASDAS-CRP: n=32,722, mean=2.05. Shaded in grey the overall density. Densities were estimated with the function geom_density

with default arguments from package ggplot2 [26]
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Fig. 2 Post-baseline component means and variances. BASDAI: n=39,920, BASFI: n=20,680, ASDAS-CRP: n=32,722
Scenario 1 Scenario 2 Scenario 3
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Fig. 3 Bias for IMI and MF. By composite score, scenario, and proportion of observations missing information. Population means (rounded): BASDAI:
3.02, BASFI: 2.9. For BASFI, IMI and MF are equivalent. Missing components according to scenario were: 1: Qgaspai3 0F Qgasr1; 2: Qgaspaid OF Qgasri6; 3:
Qgasparl OF Qgasr 10, respectively. IMI: individual mean imputation, MF: modified formula method
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Coverage %

Individual mean imputation X Modified formula method

Fig. 4 Coverage of two-sided 95% Wald-type confidence interval for IMI and MF. By composite score, scenario, and setting. Population means
(rounded): BASDAI: 3.02, BASFI: 2.9. All coverages were below 95% (dotted vertical reference line), albeit to a very small extent for some settings.

For parameters, the first number refers to the proportion of observations missing information and the second number to the sample size. For BASFI,
IMl'and MF are equivalent. Missing components according to scenario were: 1: Qgaspa3 OF QaasriTi 2: Qgaspad OF Qaasei6; 3: Qgaspar! OF Qpasri 10,
respectively. IMI: individual mean imputation, MF: modified formula method

of components. For BASDAI, for example, the majority of
the partially observed observations lacked both compo-

nent Qpasparl and Qpagparé-

Analytical results

Individual mean imputation is just another modified
formula method, which in the case of equal component
weights as for BASFI is equivalent to our MF method
(see Additional file 2 for a derivation). The distribution of
modified composite scores should by default be assumed
to be different from the actual composite score distribu-
tion unless the component distributions are the same. For
our data, component distributions differ (Fig. 2 and Fig-
ures S2 and S3, Additional file 2) and so do the modified
composite score distributions. Figures S4 and S5 from
Additional file 2 show the expected value and variance of
the post-baseline underlying distributions for both meth-
ods and all possible missingness patterns by composite
score. The extent of the difference (less than one unit in
absolute terms) between the modified composite score
expected value and the BASDAI/BASFI expected value
depends both on the identity of the missing components
and the number of components missing, with a tendency

for larger differences with more components missing.
We also see that the variances differ. For each composite
score, we selected three missingness patterns missing one
component each, which covered the range of observed
component expected values, for a more detailed assess-
ment (Fig. 2 and Figure S4, Additional file 2). The miss-
ing components selected were either Qpagpa3 (scenario
1), Qpaspard (scenario 2), or Qpagparl (scenario 3) for
BASDAI and Qpagpl (scenario 1), Qpage6 (scenario 2),
or Qpager10 (scenario 3) for BASFI Bias (Fig. 3) and cov-
erage (Fig. 4) in these cases turned out worse indeed if
the component missing information showed the small-
est or largest population mean and worsened with an
increasing proportion of observations missing informa-
tion or, in case of coverage, sample size. When the com-
ponent missing information had a medium mean, bias
was very small and coverage close to the nominal value
over the range of investigated settings. For scenarios 1
and 3 and a sample size of 10,000, the coverage gener-
ally became unsatisfactory (closer to 90% than 95%) with
10% of observations missing information. With respect
to precision, IMI and MF led to a gain compared to CC
in all investigated settings (Fig. 5). The percent gain in
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precision was relatively small and of about the same mag-
nitude for smaller proportions of observations missing
information (5% and 10%) and increased disproportion-
ately with larger proportions. The main determinant of
the estimator’s variance was the sample size, with little
change over proportions of observations with missing
information (see Figure S6, Additional file 2). There was
little difference between composite scores with respect to
the performance behaviour of IMI and MF over the range
of settings examined.

Simulation results

All simulation repetitions provided estimates. Since
our estimator was a simple sample arithmetic mean, we
expected an approximate normal distribution even for
the smallest sample size and largest amount of missing-
ness, which was supported by the respective plots shown
in Figure S7, Additional file 2. Figures S8 to S12, Addi-
tional file 2, display our estimates data.

The arithmetic mean of a sample of composite score
values, obtained by imputing the missing component
values by the OMI method, corresponds to the value
obtained when applying the composite score formula
to the sample means of components (for a derivation
see Additional file 2). Since the expectation of a sample

arithmetic mean is the same as the expectation of the
variable averaged, OMI is unbiased. This is supported by
the results of our simulation with respect to bias (Fig. 6).
Only eight out of the 108 ClIs for the bias did not contain
zero, which is in line with a probability of non-coverage
of 5% given unbiasedness. The empirical variance of the
estimate obtained by OMI was remarkably smaller than
the variance of the CC estimate with larger proportions
of observations missing information (Fig. 7). However,
since all missing values of a component are imputed by
the same value, the method creates dependencies among
the composite score values. Therefore, analysing them
by standard means for a sample of independent observa-
tions is expected to result in variance underestimation
and thus an inflated precision of the estimate. Variance
underestimation was apparent as shown in Fig. 8 with
percent relative error. As a result of the underestimation
of the estimate’s variance by the model (the estimated
variance of a simple sample mean), OMI resulted in
undercoverage to a possibly very large extent (Fig. 9). The
extent of variance underestimation and undercoverage by
OMI increased with the proportion of observations miss-
ing information, the component weight, as well as the
number of components missing. However, for all but one
of the 15 cases with only one missing component and a
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Fig. 6 Bias for Ml and OMI. Estimates and two-sided 95% Wald-type Cls (simulation uncertainty) by composite score, scenario, and setting

as obtained from simulations. For parameters, the first number refers to the sample size and the second number to the proportion of observations
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proportion of observations with missing information of
10%, the CI for coverage included 95% and undercover-
age suggested to be small at most. In terms of precision,
gain varied between 4.7% and 17.1% in these instances.
As expected, MI led to a remarkably more precise esti-
mation compared to CC (Fig. 7 and Fig. 10). Its gain in
precision increased with larger proportions of obser-
vations missing information, but to a lesser extent with
increased numbers of components missing information.
Similarly to OMI, gain varied between 4.6% and 17.2%
in situations with one component missing information
and a proportion of missing observations of 10%. In
general, MI's empirical variance was smaller and its esti-
mated gain in precision larger than for OML In terms
of bias, we expected unbiasedness due to missingness
completely at random. This was mostly supported by our
simulation results (Fig. 6), though there may be some
doubt in case of larger proportions of missing observa-
tions and more components missing information. Over-
all, 24 out of the 108 CIs for the bias did not contain zero,
which is implausible with unbiasedness in all settings.
The model-based variance estimation for the MI estimate
was, however, in line with its empirical variance (Fig. 8),

meaning that using MI in an actual case, where the vari-
ance of the estimate is estimated by the model, results in
a proper variance estimate. Again, the performance may
be questionable with large proportions of observations
missing information. Coverage of MI (Fig. 9) reflected its
performance with respect to bias and model-based vari-
ance estimation and its CIs included 95% in all but seven
out of the 108 cases. Slight performance issues in case of
more extensive missingness put aside, MI worked well.

Discussion

The composite scores assessed in this study and their spe-
cific derivations were developed to account for the multi-
faceted nature of the variable of interest, disease activity
(BASDAI, ASDAS-CRP) [1, 3, 4] or functional impair-
ment (BASFI) [2] in axSpA, and to allow comparability
between clinical studies assessing these. Thus, it seems
unreasonable to abandon them in the face of missing
information. This, however, is exactly what is done with
IMI and the MF method assessed in this study. These
methods ignore components with missing information
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and calculate a modified score based on a reduced set of
components.

In an actual study with missing component informa-
tion, the data consists of a mixture of fully and partially
observed observations. Applying IMI or the MF method
to such a data set leads to a mixture of the actual com-
posite score of interest (obtained for observations fully
observed) and different modified scores (depending on
the observed missingness patterns) and, thus, to a mix-
ture of different distributions. The resulting mixture dis-
tribution must be considered different in expectation and
variance from the distribution of the actual composite
score, which was supported by our data. Even though the
sample arithmetic mean in such a setting is an efficient
(in the sense that no observations are lost) and unbiased
(in case the requirements for unbiasedness of CC hold)
estimate of its expected value, it cannot be assumed to be
unbiased for the expected value of the composite score of
interest. Any difference in expectation, however, will lead
to substantial undercoverage and thus false conclusions
with a sufficiently large sample size. The missingness pat-
terns we assessed in more detail lacked information for

one component only, yet depending on which compo-
nent this was, bias and undercoverage varied markedly
and could attain surprisingly large values. For a sample
size of 10,000, as is easily achieved with collaborative
studies, the coverage started to be unsatisfactory with
10% of observations missing information (Fig. 4). In light
of the undercoverage and the potential for false conclu-
sions it brings about, a gain in precision compared to CC
analysis seems rather irrelevant. Furthermore, different
studies will likely have a different mixture of the com-
posite score and various modified scores and the distri-
bution they target will differ even if applying the same
method. This adds to observed differences across stud-
ies, although they all seem to assess the same composite
score. We expect that modified formulae different from
those assessed here suffer from the same problems. We
suggest that IMI and the MF method should be viewed
as failed attempts at saving sample size because they
violate the composite score’s conceptual basis and trade
unbiasedness. Instead, we believe that our goal should
be to save the information we gathered with respect to
the composite score of interest and stay faithful to it. On
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these grounds, we reject the IMI and the MF methods as
valid approaches to assess composite scores like BASDAI
and BASFI in research.

According to earlier work [7], it may be likely that
researchers are not aware of the fact that IMI or the
MF method are techniques to deal with missing infor-
mation but rather regard them as a feature of the com-
posite score definition. We presume that the decision to
allow for some component missingness is not based on
an assessment of its usefulness for research purposes but
rather taken out of necessity to use a composite score for
the treatment of individual patients. This view is sup-
ported by other work [27] that aimed to provide guidance
on the maximum number of components with a miss-
ing value for which a valid assessment of an individual
patient’s disease activity in terms BASDAI or physical
function in terms of BASFI can still be obtained. Given
this context, we believe that it is crucial to be aware of
and distinguish between the applications and tailor the
requirements accordingly.

In our study, imputing a missing component value
with its sample mean seemed to be a reasonable

approach as it did not introduce bias with respect to
the composite score’s expected value and increased
precision compared to a CC approach. However,
OMI suffers from another important issue: depend-
ence among observations. This is problematic because
proper handling of the dependence in the analysis of
a sample of composite scores is demanding and vari-
ance underestimation and undercoverage are therefore
expected. Indeed, as the proportion of missing obser-
vations or the number of components missing infor-
mation increased, we observed a remarkable extent of
variance underestimation and undercoverage under the
assumption of independence of observations (Fig. 9 and
Fig. 10). Furthermore, OMI generally led to a smaller
increase in precision compared to CC than obtainable
with MI. The deficiencies of OMI have been highlighted
in previous work [7, 9]. Nonetheless, we believe that
our assessment provides additional insight regarding
how and why it fails for composite scores.

MI saved the available information about the composite
score, contained in the observed components of observa-
tions with partial information, and led to a more precise
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estimation compared to CC (Fig. 10). Moreover, it was
faithful to the composite score formula of interest and,
provided missingness was not considerable (in terms of
proportion of observations missing information or num-
ber of components missing), resulted in an unbiased esti-
mate (Fig. 6) with a sound sample variance estimation
(Fig. 8). Interestingly, but not surprisingly, it was not just
the number of components observed but also their relative
weight that seemed to play a role for the precision gained
with MJ; the larger the relative weight of the observed
components was, the more precision was gained.

We chose a simple imputation model for MI, consist-
ing of just the composite score components in a predic-
tive mean matching, to assess in a”pure” way what we can
gain in terms of precision by just considering the available
component information. In an actual study, additional
information about the distribution of the component with
missing values may be available from other variables that
were observed. These should be included in the imputa-
tion model as they can further decrease the uncertainty
about the missing component value and thereby increase
MTI’s precision [10, 14, 15, 19, 28]. This is a feature unique

to ML none of the other methods assessed could benefit
from the availability of such additional information. The
uniqueness of this feature contributed to our decision to
impute missing component values solely based on the
information about them contained in other components.
CC was the comparator method and we aimed for
another method that shares CC’s unbiasedness but not
its inefficiency. We consider MI at the component level to
have been successful in doing so. However, there are two
important aspects in CC'’s favour. First, there is a huge gap
between CC and MI with respect to the effortlessness of
implementation. According to [14], MI is a powerful tech-
nique that, however, must be used with understanding and
care. MI involves multiple steps and entails many potential
pitfalls [9, 14]. Compared to this, there is nothing easier
and more time-saving than to throw out observations miss-
ing some of the required information. Second, no matter
how large the proportion of observations lost due to miss-
ing component information, if unbiased, CC is based on a
sample of independent observations representative of the
underlying distribution and its estimate stays unbiased and
its variance estimation sound leading to proper coverage.
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This holds, unless approximate methods were used that
would not hold given the distribution and size of the sam-
ple (we also acknowledge that one may end up with a sam-
ple too small for a valid covariate-adjusted analysis). With
increasing missingness in the data, MI, on the other hand,
must be viewed cautiously [21, 28]. In our study, we started
to note possible issues with coverage (Fig. 9) for propor-
tions of observations missing information greater than
50%. As a result, researchers may thus just need to accept
their faulty data and the low precision arising from a simple
CC approach. Even with little missingness, the difficulties
arising from implementing a proper MI approach may not
outweigh the expected gain in precision and a CC approach
could be an easy and reasonable option to choose.

Our findings for the different composite scores were
remarkably similar. We ascribe this to the fact that they are
all weighted sums of components. We ascribe differences
between composite scores in the extent of performance
issues primarily to features of their formula (number and
relative weighing of components, sum of weights) and the
investigated scenarios (for ASDAS-CRP we investigated
scenarios with less information to be saved).

Finally, our investigations were based on a large data
set combining composite score information of patients
undergoing TNFi therapy from multiple European
countries. We hypothesize that our conclusions are also
valid for underlying distributions that differ in location
or shape as observed for example between countries
(Figure S1, Additional file 2).

Limitations

Estimating a marginal expected value may rarely be the
primary goal and missingness completely at random sel-
domly fulfilled. Typically, we are interested in estimating
model parameters and willing to assume missingness at
random. It is important to note that the parameters of
a linear regression correspond to the respective differ-
ences between conditional expected values of the out-
come. In our view, the relative performance of methods
in estimating the expected value of a composite score
distribution should not depend on the conditioning of
the targeted distribution and apply accordingly to differ-
ences between expected values. For example, as long as
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both MI and CC analysis are unbiased, the fundamen-
tal conclusions drawn from our investigations should
be extrapolatable to more realistic conditional situations
as encountered in linear regression.

Conclusions
Of all the methods assessed in this study, we consider
MI at the component level as the only method capable
of retaining CC’s unbiasedness and leading to increased
precision in estimating the expected value of common
composite scores (BASDAI, BASFI, and ASDAS-CRP)
used in axSpA research. Unsurprisingly, the gain in
precision with MI diminished with an increasing extent
of component missingness at the level of observations.
MI is susceptible to incorrect implementation and its
performance questionable with increasing missingness
whereas CC is basically implementation error-free and
its performance, apart from loss in precision, unwa-
vering even with massive missingness. In the absence
of suspected bias with both approaches in the face of
missing component information for a composite score
outcome, the gain in precision arising from an MI over
a CC approach needs to be carefully weighed against
MI’s demanding implementation and susceptibility for
impaired performance with more extensive missingness
and CC may be chosen as the safer option.
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