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Abstract 

Background Despite recent advances in causal inference methods, outcome regression remains the most widely 
used approach for estimating causal effects in epidemiological studies with a single‑point exposure and outcome. 
Missing data are common in these studies, and complete‑case analysis (CCA) and multiple imputation (MI) are two 
frequently used methods for handling them. In randomised controlled trials (RCTs), it has been shown that MI should 
be conducted separately by treatment group. In observational studies, causal inference is now understood as the 
task of emulating an RCT, which raises the question of whether MI should be conducted by exposure group in such 
studies.

Methods We addressed this question by evaluating the performance of seven methods for handling missing data 
when estimating causal effects with outcome regression. We conducted an extensive simulation study based on an 
illustrative case study from the Victorian Adolescent Health Cohort Study, assessing a range of scenarios, including 
seven outcome generation models with exposure‑confounder interactions of differing strength.

Results The simulation results showed that MI by exposure group led to the least bias when the size of the smallest 
exposure group was relatively large, followed by MI approaches that included the exposure‑confounder interactions.

Conclusions The findings from our simulation study, which was designed based on a real case study, suggest that 
current practice for the conduct of MI in causal inference may need to shift to stratifying by exposure group where 
feasible, or otherwise including exposure‑confounder interactions in the imputation model.
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Introduction
Causal inference is a common objective in epidemiologi-
cal research. Various methodological developments in 
the past few decades aim to aid researchers in answering 
causal questions from observational studies. Hernán and 
co-authors have proposed a framework for conceptualis-
ing the usual causal estimand, the average causal effect 
(ACE), through the specification of the hypothetical ran-
domised controlled trial (RCT) one would have liked to 
conduct, the so-called “target trial” [1]. This estimand is 
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estimable in observational studies under a set of iden-
tifiability assumptions [2, 3]. Although more sophisti-
cated methods for estimating the ACE are available, most 
researchers still routinely use outcome regression, espe-
cially in the simple single-point exposure and outcome 
setting. This approach assumes that the ACE is constant 
across the confounder strata (i.e. there is no effect modi-
fication) [4].

The analysis of observational studies is often com-
plicated by missing data [5]. One easy but potentially 
problematic method for handling missing data is com-
plete-case analysis (CCA), which only uses records with 
complete observations in the target analysis [6–8]. To 
overcome some of the limitations of CCA, such as poten-
tial bias and loss of precision, more principled methods 
have been proposed in recent decades, in particular, mul-
tiple imputation (MI) [9–11]. MI is a two-stage approach, 
which firstly creates multiple complete datasets by 
imputing missing values from approximate posterior dis-
tributions given the observed values. Next the analysis 
model of interest is fitted in each imputed dataset and 
the multiple estimates are pooled using Rubin’s rules to 
obtain a final estimate [10].

Advantages of MI include an increased sample size 
compared with CCA, providing gains in precision, as 
well as the possibility to incorporate information from 
additional, so-called auxiliary variables, which may help 
to further increasing precision and reducing bias. The 
general assumptions under which MI is guaranteed 
to be theoretically unbiased are more relaxed than for 
CCA. One commonly used approach to implement MI 
with multiple incomplete variables is “fully conditional 
specification” (FCS) [12], where incomplete variables are 
imputed iteratively from univariate imputation models 
conditional on other variables in the imputation model. 
This is also known as “multiple imputation by chained 
equations” (MICE). One feature of FCS is that each uni-
variate model may be flexibly specified to incorporate 
appropriate assumptions regarding each variable’s distri-
bution and its relationship with other variables.

In the context of RCTs, it is recommended that MI be 
conducted separately by treatment group to reduce bias 
in ACE estimates [13]. In observational studies, the task 
of estimating causal effects may be conceptualised as 
emulating the design and analysis of the target trial. This 
raises the question of whether MI should be conducted 
by exposure group when estimating the ACE in observa-
tional studies. We designed a simulation study consider-
ing a range of scenarios to compare the performance of 
CCA and several MI methods when estimating the ACE 
using outcome regression. We considered MI on the 
whole dataset with or without exposure interaction terms 
in the imputation model, and MI stratified by exposure 

group. The simulations were based on an illustrative case 
study, which investigated the association between can-
nabis use in adolescence and depression and anxiety in 
young adulthood in females using data from the Victo-
rian Adolescent Health Cohort Study (VAHCS) [14].

Methods
Motivating case study
The VAHCS is a cohort of 1,943 participants (1,000 
females) recruited in Victoria when they were 14-15 years 
old, between 1992 and 1993. The study was approved 
by the Human Research Ethics Committee of the Royal 
Children’s Hospital. A survey was conducted every six 
months (waves two-six) over the three years after recruit-
ment, and again when participants were 20-21 years old 
(young adulthood phase, wave seven). The frequency of 
cannabis use in the previous six months was self-reported 
at each wave. The exposure of interest was cannabis use 
in adolescence, with individuals defined as exposed if 
they used cannabis more than once a week in any wave 
of the adolescent period (waves two-six) and unexposed 
otherwise. The proportion exposed was 8.8% amongst 
the n=953 female participants who had complete data on 
the exposure and three of the confounders with very few 
missing values (specifically, 13 missing values in expo-
sure, 34 missing values in parental education, 1 missing 
value in parental divorce and 6 missing values in antiso-
cial behaviour — defined below). This henceforth defines 
the analytical sample for the case study.

The outcome was a measure of depression and anxi-
ety at age 20-21 years (wave seven), assessed using the 
Computerised Revised Clinical Interview schedule (CIS-
R) [15]. The case study used the log-transformed, stand-
ardised CIS-R total score as the outcome measure. A 
key confounder was adolescent depression and anxiety, 
defined as present if the CIS-R score was 12 or higher in 
any wave during the adolescent period, and absent other-
wise [16]. Other confounders included: antisocial behav-
iour in any of the adolescent waves, assessed through 
a self-reported early delinquency scale that included 
property damage, interpersonal violence and theft [17]; 
alcohol use in any of the adolescent waves, based on self-
reported frequency, with frequent drinkers defined as 
participants who drank three days or more in the previ-
ous week; parental divorce or separation by wave six; 
and parental education defined by high school education 
completion by wave six. Participants’ age at wave two, 
log-transformed and standardised, was used as an auxil-
iary variable for MI. Table 1 shows descriptive statistics 
and missing data proportions for the relevant variables in 
the analytical sample, as well as the notation used hence-
forth to refer to each variable. The proportion with com-
plete records was 72.8%.
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The estimand of interest was the ACE of cannabis use 
(X) in female adolescents on young adulthood mental 
health (Y), defined as the difference in the expected value 
of the potential outcomes under exposure versus under 
no exposure, denoted as ACE = E[Y x=1] − E[Y x=0] . 
Although debatable, for the purpose of our investigation 
of missing data methods, we assumed that, in the absence 
of missing data, the key causal assumptions of exchange-
ability given the vector of confounders C = (C1, . . . ,C5) 
(see Table  1), consistency, and positivity would hold in 
this case study. Additionally, we assumed no effect modi-
fication, i.e. constant effect within confounder strata [18, 
19]. Under these assumptions, if there were no missing 
data, the ACE would be identified as:

for any c such that Pr (C = c) > 0 , which could be esti-
mated by positing a linear regression model for the out-
come with no exposure-confounder interactions. We 
considered a linear regression with mean specified as:

The estimate of the ACE is given by the estimated regres-
sion coefficient for the exposure, θ̂1.

Simulation study
In the simulation study, data generation was based on the 
VAHCS case study. Unless stated otherwise, all models 
used parameter values estimated from VAHCS. The sim-
ulation study assessed three exposure-prevalence scenar-
ios with a progressive increase in the proportion exposed: 
10%, 30% and 50% (it was 8.8% in VAHCS).

For the primary aim of evaluating the bias of causal 
effect estimates when conducting MI by exposure group 

ACE = E[Y |C = c,X = 1] − E[Y |C = c,X = 0],

(1)

E[Y |X ,C] =�0 + �1X + �2C1 + �3C2 + �4C3

+ �5C4 + �6C5.

relative to other implementations of MI when the expo-
sure groups are relatively large, we considered sample 
sizes such that the smallest exposure group was larger 
than 100 observations across exposure-prevalence 
scenarios. The sample size in each case was chosen to 
produce approximately the same standard error for 
the ACE in each exposure-prevalence scenario, ena-
bling comparison of the impact of bias on coverage 
probability across scenarios. Datasets contained 1,300 
observations for the scenario with 10% exposed, 700 
observations for the scenario with 30% exposed, and 
550 observations for the scenario with 50% exposed. 
These specifications ensured that around 80% power 
was achieved when analysing the complete datasets in 
all scenarios.

There is a bias-variance trade-off in the use of MI by 
exposure group that is driven by the absolute size of the 
smallest exposure group. Therefore, to investigate the 
optimal size of the smallest exposure group for using this 
approach in terms of reduced bias and increased preci-
sion, a secondary set of simulations was performed, con-
sidering a range of sample sizes such that the datasets 
contained 500, 1,300, 2,000 and 2,750 observations with 
the exposure prevalence fixed at 10% (power ranging 
from 11.5% to 94.9%, see the Supplementary Material).

Complete data generation
The data generation procedure was initiated by separately 
generating the auxiliary variable (A) from the standard 
normal distribution and C1 from a binomial distribution. 
Then all the other confounders were generated follow-
ing the order listed in Table 1, followed by the exposure, 
each conditional on the previously generated variables. 
All were binary and were generated from a binomial dis-
tribution with probability defined by a logistic regression 
model.

Table 1 Descriptive statistics for the analysis variables in the analytical sample for the case study, using the data from Victorian 
Adolescent Health Cohort Study (n=953)

a For incomplete variables, the descriptive statistics are obtained from the records with available data on the given variable

 bIn standard deviation units, standardised to the combined sample

Role Label Variable Unexposed Exposed Missing (%)
n (%) or mean (SD)a

Exposure X Cannabis use, Yes 869 (91.2) 84 (8.8) 0

Outcome Y Adulthood mental health  scoreb ‑0.02 (0.97) 0.17 (1.30) 10.3

Confounder C1 Parents not completed high‑school, Yes 322 (37.1) 35 (41.7) 0

Confounder C2 Parental divorce, Yes 169 (19.4) 38 (45.2) 0

Confounder C3 Antisocial behaviour, Yes 69 (7.9) 31 (36.9) 0

Confounder C4 Alcohol use, Yes 218 (31.1) 65 (87.8) 18.6

Confounder C5 Adolescent depression & anxiety, Yes 432 (56.5) 62 (81.6) 11.9

Auxiliary A Participant’s age at wave  twob ‑0.01 (1.00) 0.15 (0.95) 8.4
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Seven scenarios were considered for generating the 
outcome Y. Specifically, values were drawn from a linear 
regression model with mean specified as per Eq. (2), with δ 
reflecting the strength of the interaction between the expo-
sure X and the (strong) confounder C5:

The values of δ were set to 0, ±0.25 , ±0.5 , and ±0.75 
for no, weak, moderate, and strong positive/negative 
interaction.

The target analysis was the outcome regression model 
without interactions in (1) and the target estimand was the 
exposure coefficient θ1 in (1), which is equal to the ACE 
under the assumption of no effect modification. The target 
analysis model was mis-specified in the scenarios where 
the outcome generation model (2) had interactions.

To make the results comparable across the interaction 
scenarios in the outcome model, we set the target value of 
the estimand ( θ1 ) to 0.3 in each case by tweaking the main 
effect α6 in (2).

Missing data generation
There were four incomplete variables in the case study: the 
auxiliary variable, A, two confounders, C4 and C5 , and the 
outcome, Y. In the simulation study, we did not generate 
missing data in the auxiliary variable A. We considered two 
scenarios for missing data: one with incomplete outcome 
only and the other with incomplete outcome and con-
founders ( C4 and C5 ). For each incomplete variable, miss-
ingness was imposed by drawing the value of a missingness 
indicator, which equals one if the variable is missing and 
zero otherwise.

For the scenario where only the outcome had missing 
values, the missingness indicator MY  was generated using 
the following logistic model:

We considered three missingness scenarios: (i) missing-
ness depended only on the exposure, i.e. β1 = β2 = 0 ; (ii) 
missingness depended on the exposure and the strong 
confounder C5 , i.e. β1 = log(3),β2 = 0 ; and (iii) miss-
ingness depended on the exposure, C5 , and the exposure 
interaction with C5 , i.e. β1 = log(3),β2 = log(2) . The 
missingness proportion in each scenario was controlled 
to be 30% by searching over a grid of β0 values.

For the scenario where the outcome and the two con-
founders had missing values, missingness indicators for 
C4 , C5 and Y were generated sequentially. The missingness 

(2)

E[Y |X ,C] =�0 + �1C1 + �2C2 + �3C3 + �4C4

+ �5C5 + �6X + ��6X × C5.

logit Pr (MY = 1) =�0 + 0.030A + log(3)X

+ �1C5 + �2X × C5.

indicator for C4 was generated from a model that depended 
on A and X:

The model for generating MC5 included A as well as MC4 
to control the overlap between missingness in C4 and C5 
to be as it was observed in VAHCS:

Similarly, the model for generating the missingness indi-
cator for Y included MC4 and MC5:

Similar to the scenario where only the outcome had miss-
ing values, three scenarios were considered for generat-
ing MC5 and MY  : (i) missingness depended only on the 
exposure, i.e. ζ1 = η1 = ζ2 = η2 = 0 ; (ii) missingness 
depended on the exposure and the strong confounder 
C5 , i.e. ζ1 = η1 = log(3), ζ2 = η2 = 0 ; (iii) missingness 
depended on the exposure, C5 , and their interaction, i.e. 
ζ1 = η1 = log(3), ζ2 = η2 = log(2).

By searching over a grid of values for β0 , ζ0 and η0 , the 
missingness proportions for the incomplete variables 
were controlled to be 10% in C4 , 10% in C5 and 20% in 
Y. The proportion of records with any missing data was 
30% in all simulation scenarios (in the case study it was 
27.2%).

Missing data methods
The FCS approach models the distribution of each 
incomplete variable conditional on other variables in the 
imputation model and possible interactions [12]. The 
imputation procedure creates a number of imputed data-
sets, each obtained by iterating over the conditional impu-
tation models. Specifically, the iterative process is started 
by randomly filling all missing values, then sequentially 
fitting the imputation models on each incomplete variable 
using the observed records and current imputations of 
other variables, and drawing imputed values. The fitting-
drawing cycle is repeated on all incomplete variables until 
convergence to obtain one imputed dataset. The analysis 
model is then applied to each imputed dataset, and the 
results are combined using Rubin’s rules: the multiple 
parameter estimates obtained are combined into a final 
estimate by taking the average and a variance estimator is 
obtained that incorporates both within-imputation (sam-
pling) variance and between-imputation (missing data 
uncertainty) variance [10].

logit Pr (MC4 = 1) = γ0 + 0.323A− 0.624X .

logit Pr (MC5
= 1) =�0 − 0.029A + 3.835MC4

+ log(3)X + �1C5 + �2X × C5.

logit Pr (MY = 1) = �0 − 0.025A + 0.685MC4
+ 0.658MC5

+ log(3)X + �1C5 + �2X × C5.



Page 5 of 11Zhang et al. BMC Medical Research Methodology           (2023) 23:42  

The considered methods for handling missing data 
were CCA, MI conducted separately within each expo-
sure group (MI-EG), and a series of MI approaches that 
were conducted on the whole sample and differed in the 
interaction terms within the univariate models of FCS: no 
interactions (MI-NI); an exposure-outcome interaction 
(MI-E×O); an exposure-confounder C5 interaction (MI-
E×C); both exposure-outcome and exposure-confounder 
C5 interactions (MI-E×OC); and interactions between 
exposure and all incomplete variables (MI-E×I). For the 
scenario with only the outcome incomplete, MI-E× O was 
equivalent to MI-NI, and MI-E× OC and MI-E× I were 
both equivalent to MI-E× C, therefore the number of con-
sidered methods was reduced.

All MI approaches were carried out using the ‘mice’ 
package in R with five iterations [20]. The imputation 
method used linear regression for the continuous varia-
ble (outcome), and logistic regression for the binary vari-
ables (the confounders). Imputation predictors included 
all analysis variables and the auxiliary variable A, as well 
as the interaction terms outlined for each approach. Fol-
lowing a common rule of thumb [21], the number of 
imputations was 30 for all MI approaches in the whole 
cohort to reflect the proportion of missing data, and 
larger for the MI-EG approach since there was a higher 
missingness proportion in the exposed sample, see the 
Supplementary Material.

Performance indicators
We generated and analysed 2,000 datasets for each sce-
nario. We reported for each method the mean of the 
θ1 estimates and corresponding Monte Carlo stand-
ard errors (MCSE); the bias, defined as the difference 
between the mean of the θ1 estimates and the target value 
of θ1 (0.3), in both absolute and relative terms (i.e. as a 
percentage); the mean squared error (MSE), given by the 
sum of the squared bias and variance of the 2,000 esti-
mates; the empirical standard error (EmpSE), given by 
the square root of the variance of the 2,000 estimates, 
and its MCSE; the model-based standard error (ModSE), 
given by the average of 2,000 estimated standard errors; 
and the coverage probability, estimated by the proportion 
of the 95% confidence intervals that contained the target 
estimand ( θ1 ) across the 2,000 datasets, and its MCSE.

Case study analysis
We also applied the described missing data methods to 
the case study. MI used logistic regression for incomplete 
binary variables ( C4 and C5 ), and linear regression for the 
incomplete continuous variables (A and Y). One hundred 
imputations were performed, each based on ten ‘mice’ 
iterations.

All analyses were conducted in R version [3.6.1].

Fig. 1 Simulation study results: mean of the θ1 estimates and Monte Carlo standard errors for the scenario with 30% exposure prevalence and an 
incomplete outcome only



Page 6 of 11Zhang et al. BMC Medical Research Methodology           (2023) 23:42 

Results
Simulation study results
In the primary set of simulations, the patterns of the 
results under the three exposure-prevalence scenarios 
were similar but differed in the extent of biases. To sim-
plify exposition, we focus on the results from the 30% 

exposure prevalence scenario in Figs. 1 and 2, providing 
details for the other scenarios in Figs. 3, 4 and 5 and the 
Supplementary Material. Figure 1 shows the mean of the 
θ1 estimates across the 2,000 simulated datasets, and cor-
responding MCSEs, for the four missing data methods 
when only the outcome was incomplete.

Fig. 2 Simulation study results: mean of the θ1 estimates and Monte Carlo standard errors for the scenario with 30% exposure prevalence and 
incomplete outcome and confounders

Fig. 3 Simulation study results: relative bias of the complete case analysis (CCA) and six multiple imputation (MI) methods in estimating θ1 across all 
missingness, outcome and exposure‑prevalence scenarios
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The estimates given by all methods were approxi-
mately unbiased in missingness scenario (i) (missing-
ness only depended on the exposure, maximum ± 3.3% 
relative bias). In missingness scenarios (ii) (missingness 
depended on the exposure and strong confounder) and 

(iii) (missingness depended on the exposure, strong 
confounder, and their interaction), CCA and MI-NI 
overestimated θ1 in scenarios where the outcome model 
included a negative interaction between the exposure 
and strong confounder, and underestimated θ1 in the 

Fig. 4 Secondary set of simulation study results: relative bias of the complete case analysis (CCA) and six multiple imputation (MI) methods in 
estimating θ1 for different sample sizes across missingness and outcome scenarios with 10% exposure prevalence

Fig. 5 Secondary set of simulation study results: Mean squared error (MSE) of the complete case analysis (CCA) and six multiple imputation (MI) 
methods in estimating θ1 for different sample sizes across missingness and outcome scenarios with 10% exposure prevalence
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positive interaction scenarios. The relative bias given 
by MI-NI in missingness scenario (iii) was up to 35.6% 
in the strong negative interaction outcome scenario 
and −8.2% in the strong positive interaction outcome 
scenario. In contrast, MI-E× C and MI-EG were mostly 
unbiased (less than 3.8% relative bias across seven out-
come scenarios) in missingness scenarios (ii) and (iii).

Figure 2 shows the performance for all seven methods 
for handling missing data for the scenario with incom-
plete outcome and confounders. Here too, substantial 
biases were observed in the CCA and MI-NI approaches. 
Methods MI-E× C, MI-E×OC, MI-E× I and MI-EG 
showed generally similar patterns across the seven out-
come scenarios: estimates were slightly biased (relative 
bias ranging from −2.0% to 5.9%). The common fea-
ture of these methods is that they include (explicitly or 
implicitly) an interaction between the exposure and the 
confounder C5 in the univariate imputation models. In 
contrast, MI-E× O did not perform as well as the other 
MI methods incorporating interactions and had similar 
performance to MI-NI, with the relative bias being −3.2% 
in the strong negative interaction outcome scenario and 
13.5% in the strong positive interaction outcome sce-
nario, in missingness scenario (iii).

Figure  3 show the relative bias across all scenarios 
(including scenarios where the exposure prevalence was 
10% or 50%), which shows bias was inversely related to 
the exposure prevalence: the higher the prevalence, the 
lower the bias.

The model-based standard errors were close to the 
empirical standard errors across all scenarios (differ-
ence less than 0.01). For this reason, the coverage of the 
confidence intervals among the less biased methods was 
approximately at the nominal 95% level (see the Supple-
mentary Material). The MSEs were close to zero across 
the methods (ranging from 0.014 to 0.043). MI-EG 
yielded similar MSEs compared with other methods for 
30% and 50% exposure prevalence scenarios.

In the secondary set of simulations, we investigated the 
optimal size of the smallest exposure group in 10% expo-
sure prevalence for conducting MI-EG. Figures  4 and 
5 show the relative bias and MSE results, respectively, 
across missing data approaches and sample sizes. For 
moderate sample sizes of 1,300 observations or larger, 
both MI-EG and MI-EC were approximately unbiased 
without substantial increase in the MSE. However, when 
the total sample size was 500 (the size of exposed group 
was around 50), the results indicated that MI-EG was 
biased and yielded the largest MSE among all approaches. 
Meanwhile MI-EC was approximately unbiased but still 
exhibited considerable MSE in this setting.

Case study results
Table  2 shows the estimates of θ1 obtained by applying 
the seven missing data methods in the case study.

The estimates given by all seven methods suggest a 
moderate negative effect of cannabis use in adolescence 
on young adulthood mental health in females. The esti-
mates across all methods were similar, although the pre-
cision of CCA was slightly lower.

Discussion
This work examined methods for handling missing data 
when estimating causal effects using outcome regression 
without interactions, an approach that is widely used in 
epidemiological research. By conducting simulations in 
a wide range of scenarios, our study showed that when 
the exposure groups are relatively large, implement-
ing MI separately by exposure group (MI-EG) was the 
approach that led to the least bias across all scenarios, 
and was approximately unbiased in most scenarios, with 
MI including the exposure-confounder interaction being 
the next best approach.

Comparison of results with previous literature
The finding that MI-EG had the best performance is con-
sistent with previous research in the randomised trial 
context. Sullivan et al. [13] investigated the performance 
of MI conducted separately by treatment group when 
using outcome regression to estimate the average treat-
ment effect in an RCT, when missingness in the outcome 
depended on baseline covariates only, on both baseline 
covariates and treatment (equivalent to our missingness 
scenario (ii)), or on both of these and their interaction 
(missingness scenario (iii)). Their results showed that MI 
by treatment group was unbiased, whereas CCA and MI 
with no interactions (MI-NI in our study) were biased.

In the context of an analysis model with exposure-
confounder interactions, Tilling et  al. [22] assessed 
MI within subsamples defined by either exposure 
or confounder groups, and several MI approaches 

Table 2 Estimates of θ1 obtained using various missing data 
methods in the case study (n=953)

Method θ1 estimate Standard error P-value 95% 
confidence 
interval

CCA 0.282 0.136 0.038 0.016, 0.549

MI‑NI 0.296 0.124 0.018 0.051, 0.540

MI‑E×O 0.301 0.123 0.015 0.059, 0.544

MI‑E×C 0.301 0.127 0.018 0.051, 0.551

MI‑E×OC 0.301 0.122 0.014 0.062, 0.540

MI‑E×I 0.294 0.121 0.015 0.057, 0.532

MI‑EG 0.273 0.122 0.026 0.033, 0.514
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incorporating interactions in the imputation models. 
Their results showed that ignoring interactions in MI 
can lead to biased estimates or over-coverage of the con-
fidence intervals. Our study extends these results, show-
ing that allowing for interactions in the imputation step 
is important even if the analysis model does not include 
an interaction. In the following paragraphs we provide 
further discussion and comparison of our results with 
previous theoretical work.

Several authors have discussed the bias of MI inferences 
when the imputation and analysis model are not compat-
ible, meaning that they cannot be derived from an over-
arching joint model [23, 24]. Many simulation studies [22, 
24, 25] have shown that estimates can be unbiased under 
incompatibility if the analysis model is correctly specified 
and the imputation model can be made compatible with 
the analysis model by setting one or more parameters to 
zero, as discussed by Bartlett et  al [24]. This aligns with 
our findings for MI approaches with interactions in the 
no-interaction outcome generation model scenario, in 
which the analysis model is correctly specified and the 
imputation model can be made compatible by setting the 
coefficients of interaction terms to zero.

These previous studies did not discuss compatibility if 
the analysis model is misspecified, as was the case in our 
outcome scenarios with interactions, but the imputa-
tion model (or its restricted version, e.g. MI-E× C is the 
restricted version of MI-E× OC and MI-E× I) correctly 
specifies the interactions. In our study, in the outcome 
scenarios with interactions, we found that the correctly 
specified imputation model (MI-E× C) and its less restric-
tive versions (MI-E× OC and MI-E× I) led to unbiased 
estimates even if these were incompatible with the mis-
specified analysis model. In contrast, the approach where 
the imputation model (along with the analysis model) was 
misspecified in the sense of the interaction specification 
failed to yield unbiased estimates (MI-NI and MI-E×O).

In a setting with an incomplete outcome only, and 
where the missingness does not depend on the outcome 
itself, CCA has been shown to be unbiased if the regres-
sion analysis model is correctly specified and includes the 
missingness predictors as adjustment variables [26–28]. 
Within this scenario, the regression coefficient and vari-
ance estimators given by our MI-NI approach have been 
proven to be asymptotically equivalent to CCA [7, 13, 29]. 
We found that both CCA and MI-NI also performed sim-
ilarly and were approximately unbiased when the analysis 
model was misspecified (i.e. in the scenarios where the 
outcome generation model included an exposure-con-
founder interaction), and also when confounders were 
incomplete, as long as the missingness did not depend on 
the confounders or outcome given the exposure and an 
auxiliary variable. Indeed, we found that CCA and MI-NI 

were approximately unbiased in missingness scenario (i) 
where this holds.

In the scenario with incomplete outcome and con-
founders and where there was no exposure-confounder 
interaction in the outcome generation model, all meth-
ods were approximately unbiased, regardless of the miss-
ingness scenario. These results align with findings from 
Moreno-Betancur et  al. [30] who, using missingness 
directed acyclic graphs (m-DAGs), proved that the condi-
tional distribution of the outcome can be estimated unbi-
asedly by fitting a correctly specified regression model to 
the complete cases if missingness in exposure, outcome 
and confounders are not caused by the outcome, corre-
sponding to their m-DAG E. An m-DAG for our miss-
ingness scenario (ii) can be obtained from m-DAG E in 
Moreno-Betancur et al. [30] by removing arrows towards 
the exposure missingness indicator. Thus, by Lemma 4 
given by Mohan [31], the conditional distribution of the 
outcome is also recoverable in our missingness scenario 
(ii) and can be estimated unbiasedly similarly, by fitting 
a correctly specified regression model to the complete 
cases. Interestingly, similar results were found in miss-
ingness scenario (iii).

Strengths and limitations
Our simulation study involved the generation of data 
closely resembling a real case study and assessed a wide 
range of scenarios (a total of 252). Still, our study does 
not cover all possible scenarios, and further investiga-
tions considering other scenarios would be worthwhile, 
specifically considering settings with a binary outcome 
or continuous confounders [22, 25]. Given findings from 
Sullivan et al. [13] in a trial setting, which were similar for 
both continuous and binary outcomes, we conjecture the 
bias reduction provided by MI-EG and MI-E× G would 
also apply to binary outcomes analysed using logistic or 
log-binomial regression. However, in the case of logis-
tic regression, we do not expect the same pattern of bias 
in biased methods (CCA, MI-NI and MI-E× O) across 
scenarios going from strong negative to strong positive 
interactions in the outcome model, because of the non-
collapsibility of the odds ratio [32, 33]. Additionally, fur-
ther research investigating incomplete exposure settings 
might assist in guiding practice, especially regarding 
how to impute the exposure. Moreover, the confounder 
used as the missingness predictor was the same as that 
which interacted with the exposure in the outcome gen-
eration. Further research on method performance when 
these key covariates are distinct is warranted. Our study 
focused on outcome regression as a confounding adjust-
ment method, which assumes a constant effect size 
across confounder strata. However, there are other con-
founding adjustment methods that do not rely on such 
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assumptions, such as inverse probability weighting (IPW) 
and g-computation. These methods provide estimates 
of the marginal average causal effect across confounder 
strata, which in particular helps circumvent issues aris-
ing due to non-collapsibility when using the odds ratio 
as effect measure in the case of binary outcomes [32, 
33]. Although research on methods for handling miss-
ing data with IPW is available [34–36], consideration of 
MI-EG still requires investigation, and research assessing 
MI-based approaches for g-computation is ongoing [37]. 
Finally, it would be useful to investigate the performance 
of MI-EG in the context of other MI approaches, such 
as multivariate normal imputation [38] and substantive-
model-compatible fully conditional specification [24].

Implications for practice
Despite MI-EG yielding the least biased estimates, this 
approach may have limited applicability. First, the expo-
sure must be complete. Second, MI within subsamples 
defined by exposure status may encounter numerical 
issues particularly for low-prevalence exposures. Ran-
dom violations of positivity are more likely to happen with 
lower exposure prevalence and multi-category exposures. 
Additionally, our recommendation is to avoid using the 
MI-EG approach when the smallest exposure group is rel-
atively small (severe bias and loss in precision seen when 
the smallest group had 50 observations in our secondary 
set of simulations, Figs. 4 and 5). Third, it is unclear how 
the approach should be applied in the continuous expo-
sure setting. Any categorisation of the continuous expo-
sure to split the dataset would result in categories that 
still retain heterogeneity in the exposure, so the necessary 
interactions may not be fully accounted for [22, 25]. For 
the above cases, MI with exposure-confounder interac-
tions, which also performed well in our simulations, could 
be considered as an alternative approach.

Overall, our recommendation for practice is to conduct 
MI by exposure group when MI is used to handle miss-
ing data in the context of causal inference using outcome 
regression when the exposure groups are relatively large. 
If conducting MI by exposure group is not feasible, then 
we recommend including exposure-confounder interac-
tions in the imputation models as the next-best option.
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