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Abstract
Background Patient-reported outcomes (PROs) are important clinical outcomes widely used as primary and 
secondary endpoints in clinical studies. However, PRO data often suffers from missing values for various reasons, 
which pose challenges to data analysis. This simulation study aimed to compare the performance of existing state-of-
the-art approaches in handling missing PRO data.

Methods Using a real and complete multiple-item PRO dataset, we generated various missing scenarios with 
different missing rates, mechanisms, and patterns. The performances of eight methods were compared, including a 
mixed model for repeated measures (MMRM) with and without imputation at the item level, multiple imputation by 
chained equations (MICE) at the composite score and item levels, and three control-based pattern mixture models 
(PPMs) and the last observation carried forward (LOCF) imputation at the item level.

Results We found that the bias (i.e., deviation of the estimated from the true value) in the treatment effect estimates 
increased, and the statistical power diminished as the missing rate increased, especially for monotonic missing data. 
Item-level imputation led to a smaller bias and less reduction in power than composite score-level imputation. 
Except for cases under missing-not-at-random mechanisms (MNAR) and with a high proportion of patients’ entire 
questionnaire missing, MMRM imputation at the item level demonstrated the lowest bias and highest power, 
followed by MICE imputation at the item level. The PPM methods were superior to the other methods under MNAR 
mechanisms.

Conclusions PPMs imputation at the item level was preferable for MNAR, whereas MMRM and MICE imputation 
at the item level were better for other scenarios. These findings provide valuable insight for selecting appropriate 
methods for handling missing PRO data.
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Background
Patient-reported outcomes (PROs), an important form of 
clinical outcomes, are directly reported by patients them-
selves and cannot be modified or interpreted by others 
[1, 2]. As the concept and practice of patient-focused 
drug development (PFDD) continue to evolve, PROs have 
garnered increasing attention and are frequently used as 
the primary or secondary endpoint in clinical trials [3, 4]. 
The most common PRO measures are scales, particularly 
health-related quality-of-life (HRQL) instruments.

However, missing PRO data is a prevalent issue in 
clinical trials [5, 6]. Patients may fail to report all PRO 
measures or omit specific items in an instrument. Miss-
ing data poses significant challenges to data analysis, 
potentially increasing the standard error, reducing sta-
tistical power [3–10], introducing bias in the estimates 
of treatment effects [11], and ultimately affecting the 
scientific integrity and value of conclusions. Despite the 
critical importance of handling missing data, many stud-
ies have overlooked this issue in PROs. A recent review 
showed that 18% of the trials using PROs as the primary 
endpoints did not report the missing data rate, and only 
7% described the statistical methods for handling miss-
ing data, with 75% relying on single imputation methods. 
Less than 10% of the trials conducted sensitivity analyses 
to justify their approaches to handling missing data [12].

Selecting appropriate approaches for handling miss-
ing data is a complicated and vital task that can signifi-
cantly influence the validity of results. Various statistical 
methods exist, each with specific assumptions and limi-
tations [13]. The main methods include single imputation 
methods (e.g., last observation carried forward, LOCF), 
model-based multiple imputation methods [14, 15], max-
imum likelihood modeling approaches, and various sen-
sitivity analyses. The improper selection of these methods 
can lead to biased estimates and misleading conclusions. 
Therefore, it is essential to summarize the applicability 
and particularities of different imputation methods and 
discuss their robustness.

In many clinical studies on non-PRO outcomes, sin-
gle imputation methods, especially LOCF, have been 
widely used across various therapeutic areas [16]. How-
ever, the problems associated with single imputation are 
well documented [17–19], since they underestimate the 
uncertainties associated with the missing data and are 
more likely to bias the estimation of treatment effects 
compared to multiple imputation methods. Some simu-
lation studies on non-PRO outcomes showed that LOCF 
can increase Type I error rates [20–22]. Nevertheless, we 
need to evaluate the performance of LOCF as a simple, 
straightforward, and common method for handling com-
plicated PRO missing data in comparison to other mul-
tiple imputation methods. For general longitudinal data, 
model-based multiple imputation (MI) is recommended, 

particularly for non-monotonic missing data [20, 23, 24]. 
One of the most commonly used MI techniques is mul-
tiple imputation by chained equations (MICE) [25–27]. 
Other methods, such as the mixed model for repeated 
measures (MRMM) [28–30] and pattern mixture mod-
els (PPMs) [31], have also been widely used in different 
studies. PPMs are frequently utilized for handling MNAR 
missing data in longitudinal clinical trials with continu-
ous and binary outcomes [32–36], including Jump to Ref-
erence (J2R), Copy Reference (CR), and Copy Increments 
in Reference (CIR) [37], which are particularly used in 
trials for new drug development as stated in regulatory 
guidelines by FDA [38] and EMA [39]. These approaches, 
which impute missing values in the treatment group 
using models from the control group, may offer a con-
servative estimate of treatment effects [36]. In non-PRO 
outcome studies, J2R is the most conservative among all 
PPM variants [36]. The CR method is also conservative 
but less so than J2R, as it incorporates carry-over treat-
ment effects by using prior observed values in the active 
treatment group as predictors [37]. PPMs do not inflate 
Type-I errors under MAR. Simulations indicate that 
Type-I error inflation for PPMs is comparable to that for 
MMRM when data deviates from MAR [36].

Longitudinal PRO data present unique challenges and 
opportunities for handling missing data due to the corre-
lation between repeated measures over time and between 
intra-instrument items at the same time point. Addition-
ally, missing data sometimes occurs for specific items 
(i.e., item non-response) rather than for all PRO mea-
sures (i.e., unit non-response) [40, 41]. However, stud-
ies comparing the performance of different imputation 
methods in longitudinal clinical trials with a multiple-
item PRO are lacking. Research addressing these issues 
can provide insight into the handling of missing data 
on PRO measures in longitudinal studies. Some studies 
have suggested that MI at the item level is advantageous 
for statistical accuracy, especially when the sample size is 
less than 500 and the missing data rate is over 10% [42, 
43]. However, these studies simulated data from a single 
visit by using a fixed proportion of unit non-response. 
It is still unclear whether item-level, dimension-level, 
or composite score-level imputation should be selected 
for multiple-visit PROs and which method is superior 
under monotonic or non-monotonic missing data with 
different proportions of unit non-response. Missing pat-
tern, including monotonic and non-monotonic missing, 
is another issue that needs to be considered when com-
paring different imputation methods. Monotone missing 
refers to the fact that once a participant has data miss-
ing at a time point, all subsequent measurements of that 
participant are also missing. This is a common phenom-
enon caused by participant drop-outs in longitudinal 
clinical trials [44]. Non-monotonic missing means that a 
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participant has data missing at a time point but present at 
subsequent time points [44]. Prior research on non-PRO 
outcomes suggests that MI is more effective in handling 
non-monotonic missing data compared to monotonic 
cases [44, 45].

This study simulated various missing scenarios with 
different patterns and rates of missing data based on a 
real and complete PRO dataset. Eight common methods, 
including a direct mixed model for repeated measures 
(MMRM), single imputation, and multiple imputation at 
the composite score and item levels, were used to handle 
the missing data, and their statistical performances were 
compared. This study aimed to provide a simulation-
based evaluation of the advantages and disadvantages of 
different methods under various scenarios. The results 
would offer valuable suggestions for choosing appro-
priate methods for handling missing PRO data, thereby 
enhancing the integrity and reliability of the analytical 
results.

Methods
Clinical trial data
This study utilized real data from a randomized placebo-
controlled double-blind trial on depression that included 
180 Chinese patients primarily with depression, anxiety, 
and insomnia. In this trial, patients were randomized 
into a control group receiving a placebo and a treatment 
group receiving traditional Chinese medicine. The pri-
mary outcome was measured using the 17-item Ham-
ilton Depression Scale (HAMD-17). The item and scale 
scores were repeatedly measured at baseline, 2, 4, and 6 
weeks of follow-up. The primary outcome was the change 
from baseline at week 6. Baseline covariates, such as age 
and sex, were also assessed. The original complete data-
set was analysed using an MMRM, and the estimate of 
the treatment effect was regarded as the “true” effect. 
All of the missing scenarios were simulated based on the 
original complete dataset.

Methods to be compared
To focus on methods that are commonly used, practical, 
and widely accepted by regulatory authorities in the con-
text of confirmatory RCTs, we primarily compared four 
types of methods, which were described as follows, with 
more detailed information provided in the Supplement.

Mixed model for repeated measures (MMRM)
An MMRM can analyse all cases, including missing val-
ues, without the need for imputation. The model param-
eters of population distribution were estimated using 
the maximum likelihood method. MMRM utilizes all 
information from all repeated measures, including the 
subjects with missing data, without the need for missing 
imputation [46, 47]. In this study, MMRM was used both 

for direct analysis without imputation and predictive 
imputation. For the direct analysis, MMRM included the 
treatment group, visit time, and their interaction as fixed 
effects, and within-subject variability as random effects, 
after adjusting for the fixed covariate factors (e.g., age and 
gender). For the predictive imputation, we conducted the 
MMRM direct analysis and used this model to impute 
the missing data. After performing missing data imputa-
tion using all the methods in this study, we also applied 
the MMRM to estimate the treatment effects. The results 
were then compared to the true value derived from the 
MMRM direct analysis based on the real complete data, 
and the true effect was defined as the coefficient of the 
treatment group variable in the MMRM direct analysis.

Pattern mixture models (PPMs)
The idea behind the PPMs is to construct a joint prob-
ability distribution of the observed and missing data, 
which is related to the missing probability distribution 
under the condition of observed covariates [32, 35, 48, 
49]. The control-based PPMs in this study include jump-
to-reference (J2R), copy reference (CR), and copy incre-
ment from reference (CIR) methods that impute missing 
data at the item level. PPMs are implemented based on 
multiple imputations.

Multiple imputation by chained equations (MICE)
MICE imputes the missing data in a dataset through a 
series of iterations of the prediction model [50]. In each 
iteration, the other variables in the dataset are used to 
estimate each specified variable in that dataset. These 
iterations are performed continuously until convergence 
is achieved. The imputation of MICE is highly flexible 
and can account for statistical uncertainty. In this study, 
an incomplete data set was imputed five times, and then 
each of the five imputed datasets was analysed using 
MMRM separately, and the analysis results were com-
bined according to Rubin’s rule [51].

Last observation carried forward (LOCF)
LOCF is a frequently used single imputation method that 
imputes missing values using the last observation at the 
item level [52]. In this study, LOCF, as a representative of 
single imputation methods, was compared with multiple 
imputation methods.

Imputation at the composite level for longitudinal data 
is equivalent to that for general longitudinal data. Since 
MICE using the predicted mean matching method is the 
preferred imputation approach for longitudinal data [20, 
23]. Consequently, eight different methods were used 
to process the missing data and were compared: direct 
MMRM analysis (without imputation) and MICE using 
the predicted mean matching method imputation at the 
composite-score level and J2R, CR, CIR, MICE, MMRM, 
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and LOCF imputation at the item level. After imputation 
using other methods, MMRM was also used to estimate 
the effect.

Missing mechanisms
There are three missing mechanisms [53]: missing com-
pletely at random (MCAR), missing at random (MAR), 
and missing not at random (MNAR). Data can be con-
sidered MCAR if the probability of missing data is inde-
pendent of any observed or unobserved factors. Data 
will be considered MAR if the probability of missing may 
depend on observed covariates describing patients’ char-
acteristics (e.g., missing probability varied by sex) [54, 
55]. For the MNAR mechanism, missingness depends on 
unobserved measurements [56]. In this study, missing-
ness depends on the outcome, the patient’s HAMD-17 
score changes, which are unobservable once missing but 
they are all known in our true complete dataset.

Simulation studies
In longitudinal studies, the composite score of multi-
item scales as common PRO measures presents both 
complicated within-subject correlation over time and 
between-item correlation at the same time point, which 
are difficult to simulate. Therefore, as in other simula-
tion studies on scales [5, 45], based on a real complete 
dataset, we simulated 90 different missing scenarios, 
namely 90 combinations of four parameters: three miss-
ing mechanisms, five missing rates, monotonic missing 
or non-monotonic missing, and three proportions of unit 
missing and item missing (Table  1). The specifications 
of various parameters in our simulation were based on 
common settings in real research [45] and statistical con-
siderations [57–60].

Some data were sampled from the real dataset and 
assigned as missing. Three missing mechanisms, MCAR, 
missing at random (MAR) with more missing among 
females, and missing not at random (MNAR), were 
simulated as follows: MCAR was generated by sampling 
completely randomly; MAR was generated by randomly 
sampling at a male-to-female ratio of 1:3. Specifically, 

for males and females, the probabilities of missing were 
set to 0.25 × individual missing rate (specified as 5%, 
10%, 15%, 20%, or 30%) and 0.75 × individual missing 
rate, respectively; and for MNAR, we generated miss-
ing data of HAMD-17 score changes by randomly sam-
pling at a 1:3 ratio for those below and above the mean 
score changes of all participants, implying that patients 
with higher value of the outcome (i.e. greater HAMD-17 
score change from baseline) are more likely to have miss-
ing data. The three missing mechanisms were applied to 
the data at five different missing rates: 5%, 10%, 15%, 20%, 
and 30%. The specific missing rate randomly determined 
which individuals would have data omitted, and then 
these individuals were randomly divided into two catego-
ries: unit non-response and item non-response, which 
were simulated in three different ratios (i.e., 0.2:0.8, 
0.5:0.5, 0.8:0.2). The missing probabilities of the second-, 
fourth-, and sixth-week visits of missing individuals were 
set at 30%, 30%, and 40%, respectively. If an individual 
was classified as unit non-response in a certain visit time 
point, all the items in this time point would be missing; 
on the contrary, if an individual was classified as item 
non-response, only a randomly selected item in this time 
point would be missing. In the case of monotonic missing 
data, once a subject had missing data at one visit, all sub-
sequent visit points were also missing.

Each of the 90 scenarios was simulated 1,000 times. 
Type I errors were generated by generating a binomial 
random variable with a probability of 0.5, which was 
uncorrelated with HAMD-17 score changes (i.e., the out-
come). Then, we tested the null hypothesis that the coef-
ficient of this variable in the MMRM model is equal to 
0. Among 1,000 simulations, the proportion of simula-
tions with a p-value less than 0.05 (i.e., rejecting the null 
hypothesis) was the type I error [61]. Power was the pro-
portion of simulations with the observed p-value of the 
treatment less than 0.05 under the alternative hypothesis.

The performances of different methods for handling 
missing data were assessed using the mean absolute error 
(MAE), mean relative error (MRE), root mean square 
error (RMSE), type I error, and statistical power. In simu-
lation studies, MAE, MRE, and RMSE are common per-
formance indicators used to evaluate the deviation of 
estimates from the true values [5, 45]. The equations for 
MAE, MRE, and RMSE are as follows.

 MAE = mean (| τ − T |) (1)

 MRE = mean (| τ − T |/τ ) (2)

 
RMSE =

√
mean

(
(τ − T )2

)
 (3)

Table 1 Summary of parameters in simulating missing data
Parameters Details
Missing rate 5%, 10%, 15%, 20%, 30%, on 

behalf of the proportion of indi-
viduals with missing items

The proportion of unit non-response 
and fixed item non-response

0.2:0.8, 0.5:0.5, 0.8:0.2, on behalf 
of the probability
of two different missing patterns

Missing probabilities of the second-, 
fourth-, and sixth-week visits of the 
missing individuals

30%:30%:40%, baseline was not 
set for missing

Missing mechanisms MCAR, MAR, MNAR
Monotonicity Monotonic and non-monotonic
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where T is the true effect of the treatment and τ  is its 
estimate. All simulations and analyses were performed 
using R 4.2.2 [62]. The R packages used for simula-
tion and imputation in the study included “mmrm” and 
“mice”.

Results
The original dataset included 180 patients (males: 90, 
females: 90). Their ages ranged from 24 to 68 years, with 
an average of 54.7 years (Standard deviation = 10.0). 
Descriptive statistics for the baseline covariates are 

presented in Supplemental Table S1. The “true” effect in 
this study was − 2.52 (p < 0.001).

Figures 1, 2 present the MAE for different imputation 
methods in the cases of monotonic and non-monotonic 
missing data, respectively. Unsurprisingly, the MAE for 
all methods increased with the missing rate. The perfor-
mance of most methods was consistently worse under 
the MNAR mechanism compared to MCAR and MAR, 
with the difference increasing with the missing rate. 
Notably, under the three missing mechanisms, the MAE 
of each method in non-monotonic missing cases was 

Fig. 1 MAE in the monotonic missing cases (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Abbre-
viations: MAE mean absolute error, MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for 
repeated measures predictive imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for 
repeated measures directly at the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to 
reference at the item level, CR copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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smaller than that in monotonic cases. Similar results 
were observed for the MRE and RMSE (see Supplement 
for more details).

The performance of multiple imputations by MICE at 
the composite score level (SCORE-MICE) was inferior to 
other methods in both monotonic and non-monotonic 
missing cases, with the highest MAE, MRE, and RMSE 
under almost all scenarios. The performance difference 
between SCORE-MICE and other methods became 
smaller at a higher proportion of unit non-response. 
In monotonic missing cases, direct analysis without 

imputation (MMRMD) also demonstrated a relatively 
high MAE, especially under the MNAR mechanism, and 
its MAE was higher than that of all other methods except 
for SCORE-MICE when the proportion of unit non-
response was 0.2 and 0.5 in monotonic missing cases. 
Compared to other methods, MMRM with imputation at 
the item level performed the lowest MAE, except under 
the MNAR mechanism in monotonic missing cases. 
Similar results were observed in terms of the MRE and 
RMSE (see Supplement for more details). In monotonic 
missing cases, the MAE of MICE was lower than all other 

Fig. 2 MAE in the non-monotonic case (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Abbrevia-
tions: MAE mean absolute error, MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for 
repeated measures predictive imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for 
repeated measures directly at the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to 
reference at the item level, CR copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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methods except for MMRM imputation at the item level 
under MCAR and MAR. PPM methods showed smaller 
MAE than other methods under MNAR. As the propor-
tion of unit non-response increased (from 0.2 to 0.8), the 
difference among the various methods narrowed. The 
three PPM approaches (J2R, CR, and CIR) showed simi-
lar performances of MAE, MRE, and RMSE across sce-
narios and were superior to other methods under MNAR 
in monotonic cases, whereas the MMRM approach 
continued to perform well (i.e., lowest MAE, MRE, and 
RMSE) under MNAR in non-monotonic cases. The 

LOCF approach was generally the worst (highest MAE, 
MRE, and RMSE) among the imputation methods at the 
item level (i.e., PPMs, MMRM, and LOCF) but better 
than SCORE-MICE and MMRMD when the proportion 
of unit non-response was 0.2 and 0.5.

Figures  3 and 4 show the simulation results for type 
I errors in the monotonic and non-monotonic cases, 
respectively. When the missing rate was greater than 
20%, the SCORE-MICE tended to be conservative (type 
I error is less than the lower limit of the interval). Other 

Fig. 3 Type I errors in the monotonic case (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Abbrevia-
tions: MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for repeated measures predictive 
imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for repeated measures directly at 
the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to reference at the item level, CR 
copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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methods generally controlled for type-I errors in all 
scenarios

Figures  5 and 6 show the power results in the mono-
tonic and non-monotonic missing cases, respectively. 
Undoubtedly, the power decreased as the missing rate 
increased. The MMRM, MICE, and PPMs methods 
exhibited remarkably higher power than the MMRMD 
and SCORE-MICE methods across various scenarios. 
Although the MAE, MRE, or RMSE performance of 
the MMRMD method may be good in non-monotonic 
terms, its power was relatively low both in the mono-
tonic and non-monotonic missing cases. The power of 

LOCF was intermediate across scenarios. The MICE, the 
PPMs, and the MMRM had higher power when the pro-
portion of unit non-response was 0.2 or 0.5 both in the 
monotonic and non-monotonic missing cases. In addi-
tion, when the proportion of unit non-response was 0.5 
or lower, the power of the MICE and PPMs approaches 
was higher than the other approaches. When the propor-
tion of unit non-response was 0.8, the PPMs performed 
the best under MNAR (i.e., highest power).

The study integrated all simulation results and summa-
rized the applicable scenarios for each method, which are 
shown in Table 2.

Fig. 4 Type I error in the non-monotonic case (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Ab-
breviations: MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for repeated measures 
predictive imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for repeated measures 
directly at the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to reference at the 
item level, CR copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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Discussion
Based on a real and complete RCT dataset with the 
HAMD-17 as the primary outcome, this study simu-
lated various missing scenarios with different missing 
patterns and rates. Our findings indicated that regard-
less of the type of missing mechanism, all methods are 
more accurate (lower MAE, MRE, and RMSE) in non-
monotonic missing cases compared to monotonic cases. 
The statistical power significantly diminished as missing 
rates increased, especially under the MNAR mechanism. 
Item-level imputation approaches, with higher power 

and lower bias, were superior to composite score-level 
imputation across scenarios, even with a high propor-
tion of unit non-response. Specifically, for MNAR in the 
monotonic cases, PPMs (J2R, CR, and CIR) were prefer-
able, whereas the MMRM and MICE were more suitable 
for MCAR and MAR in non-monotonic cases.

Several simulation studies have compared different 
approaches for handling missing data. However, they only 
considered a single visit. Moreover, PRO data tended to 
be incomplete in longitudinal follow-up studies [63, 64], 
in which repeated measurements at multiple follow-up 

Fig. 5 Power in the monotonic case (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Abbreviations: 
MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for repeated measures predictive 
imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for repeated measures directly at 
the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to reference at the item level, CR 
copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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Table 2 Summary of the applicable scenarios for each method
method monotonicity missing mechanisms the ratio of the non-response units and the non-response items
MMRM monotonic MCAR, MAR Unrestricted

non-monotonic MCAR, MAR, MNAR Unrestricted
MICE monotonic MCAR, MAR, MNAR The proportion of unit non-response ≤ 0.5

non-monotonic MCAR, MAR The proportion of unit non-response ≤ 0.5
PPMs (J2R, CR, CIR) monotonic MNAR Unrestricted

non-monotonic - -
SCORE-MICE, MMRMD, and LOCF methods are not recommended in any scenarios

Fig. 6 Power in the non-monotonic case (the proportion of the unit non-response and the item non-response includes 0.2:0.8, 0.5:0.5, 0.8:0.2). Abbrevia-
tions: MCAR missing completely at random, MAR missing at random, MNAR missing not at random, MMRM mixed model for repeated measures predictive 
imputation at the item level, MICE multiple imputation by chained equations at the item level, MMRMD mixed model for repeated measures directly at 
the composite score level, SCORE-MICE multiple imputation by chained equations at the composite score level, J2R jump to reference at the item level, CR 
copy reference at the item level, CIR copy increments in reference at the item level, LOCF last observation carried forward
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visit points were common and presented a within-subject 
correlation [65]. This study addressed this gap by consid-
ering multiple visit points, monotonic and non-mono-
tonic missing cases, and different proportions of unit and 
item non-response. The simulation was based on com-
plete real longitudinal PRO data, ensuring that the data 
closely resembled real-world scenarios and maintained 
the relationship between items and visit points.

This study emphasizes the importance of item-level 
imputation in maintaining data integrity and analysis 
accuracy. Simons et al. [42] found that imputation at the 
item level of the EQ-5D-3 L outperformed the composite 
score-level imputation as the proportion of missing items 
increased under the MAR missing mechanism. Their 
study also showed that when the sample size was less 
than 500 and the missing rate was less than 10%, both 
imputation approaches yielded similar results for single-
visit PRO data [42]. Similarly, Eekhout et al. reported bet-
ter results with item-level imputation than with single 
imputation and MI on the pain coping inventory (PCI-
active) in a single visit [43]. Our findings support the idea 
that item-level imputation generally performed better 
than composite score-level imputation for multiple-visit 
PRO data, although these two imputations were similar 
when the missing rate was low (< 10%). The composite-
level imputation is simple and commonly used, yet it is 
uncertain whether it outperforms item-level imputation. 
Our results demonstrated that even when a large propor-
tion of items are missing, item-level imputation remains 
superior. Therefore, it is advisable to use as many individ-
ual items as possible, even if only a few are available.

Monotonic and non-monotonic missing may have dif-
ferent impacts on the performance of imputation meth-
ods. Rombach et al. indicated that MI performed better 
in the non-monotonic case than in the monotonic case 
for composite score-level imputation under MCAR and 
MAR missing mechanisms [45]. However, they did not 
consider item-level imputation, the MCAR and MNAR 
missing data mechanisms, nor did they take into account 
the PPMs, MMRM, and LOCF methods. Our study con-
tributed significant evidence by demonstrating that most 
methods consistently achieved higher power and lower 
bias in non-monotonic cases than in monotonic cases 
under three different missing mechanisms for both item- 
and composite-level imputation. This difference is likely 
due to the higher amount of missing data in monotonic 
cases. In addition, we found that the three control-based 
PPM methods were relatively similar in terms of per-
formance, probably because they shared many underly-
ing principles. Under the MNAR mechanism, the PPMs 
generally perform well with the lowest MAE, MRE, and 
RMSE, particularly in monotonic cases. Its advantage 
under the MNAR missing mechanism in general longitu-
dinal data has been proven previously [66, 67]. Under the 

MAR mechanism, methods involving covariates, such 
as the MMRM, SCORE-MICE, and MICE, performed 
better with higher power and lower bias than under the 
MCAR mechanism. This improvement is likely because 
covariates were considered in the imputation process, 
and the MAR mechanism is related to covariates. Addi-
tionally, regarding the SCORE-MICE method, the RMSE 
results reported in this study are comparable to those 
reported by Rombach et al. (2018) [45]. As shown in the 
RMSE results from Rombach et al. (2018), all the RMSE 
results for 10%, 20%, and 30% missing rates in our study, 
with a sample size of 180, fall within the range of results 
obtained for sample sizes of 100 and 250.

In general, most approaches performed worse with 
lower power and higher bias when the proportion of unit 
non-responses was high because more items tended to 
be missing. Researchers should try to avoid missing PRO 
data during the trial design and implementation phases, 
such as training researchers, reviewing missing PRO scale 
data, and excluding potential subjects who are unlikely or 
unable to comply with follow-up in advance [67].

This study had several limitations. First, as in previous 
simulation studies on multi-item PROs, the simulation 
data were generated based on a real RCT dataset. Future 
studies using different PRO measures may validate our 
results. Second, the simulated scenarios were limited to 
specific missing data patterns and proportions of miss-
ing data. However, we believe that missing data rates 
between 5% and 30% are representative of the vast major-
ity of RCTs. The missing patterns used were based on 
those observed in a common clinical trial. These patterns 
are realistic and representative. Although we simulated 
various missing scenarios, the real world is more complex 
and varied. Consequently, it remains uncertain whether 
the findings of this simulation study are fully applicable 
to all real-world settings. Our study prioritized meth-
ods that are most commonly used, practical, and widely 
accepted by regulatory authorities in the context of con-
firmatory RCTs. Future research could further explore 
and compare alternative methods, such as the expecta-
tion-maximization algorithm and the Bayesian method, 
to provide a more comprehensive understanding of han-
dling PRO missing data in both clinical trials and obser-
vational studies.

Conclusions
Our simulation study demonstrated that item-level 
imputation generally had higher power and accuracy 
than composite score-level imputation, even with a miss-
ing rate of up to 30%. Overall, the bias of all approaches 
increased with the proportion of unit non-response, 
and the power decreased as the missing rate increased. 
When selecting the imputation method, the PPM meth-
ods were more suitable for monotonic cases under the 
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MNAR mechanism since they demonstrated high power 
and small bias regardless of the proportion of unit non-
response, whereas the MMRM and MICE were more 
suitable for MCAR and MAR in non-monotonic cases. 
These findings provide important insight for the selection 
of appropriate methods for handling missing PRO data.
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