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Abstract

Semi-continuous variables are characterised by a point mass at one value and a continuous
range of values for remaining observations. An example is alcohol consumption quantity,
with a spike of zeros representing non-drinkers and positive values for drinkers. If multiple
imputation is used to handle missing values for semi-continuous variables, it is unclear how
this should be implemented within the standard approaches of fully conditional specification
(FCS) and multivariate normal imputation (MVNI). This question is brought into focus by the
use of categorised versions of semi-continuous exposure variables in analyses (e.g. no
drinking, drinking below binge level, binge drinking, heavy binge drinking), raising the
question of how best to achieve congeniality between imputation and analysis models.

We performed a simulation study comparing nine approaches for imputing semi-continuous
exposures requiring categorisation for analysis. Three methods imputed the categories
directly: ordinal logistic regression, and imputation of binary indicator variables representing
the categories using MV NI (with two variants). Six methods (predictive mean matching,
zero-inflated binomial imputation and two-part imputation methods with variants in FCS and
MVNI) imputed the semi-continuous variable, with categories derived after imputation.

The ordinal and zero-inflated binomial methods had good performance across most scenarios,
while MVNI methods requiring rounding after imputation did not perform well. There were
mixed results for predictive mean matching and the two-part methods, depending on whether
the estimands were proportions or regression coefficients. The results highlight the need to
consider the parameter of interest when selecting an imputation procedure.
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BACKGROUND

Epidemiological variables often exhibit semi-continuous distributions, which are
characterised by a point mass at one value and a continuous range of values for the remaining
observations. An example of this is alcohol consumption quantity, where non-drinkers are
assigned zero alcohol units and drinkers have a positive range of units. Other examples
include hours spent exercising, number of cigarettes smoked, viral loads and duration of
breastfeeding. When semi-continuous variables are integer counts with a point mass at zero,
then they can also be considered zero-inflated count variables. When used in analyses as the
exposure of interest, semi-continuous variables are often categorised for analysis due to their
non-symmetric distributions, or to create classifications that are relevant to policy-making.*?
For example, the number of alcohol units can be categorised to create an ordinal variable that
identifies different levels of drinking (e.g. no drinking, below binge drinking, binge drinking,
and heavy binge drinking).® As with most variables used in epidemiological research, semi-
continuous variables can be subject to missing data and it is unclear how the missing values

for this type of measure should be handled in analyses.

One popular statistical approach for handling missing data is multiple imputation (MI).* To
use MI, an imputation procedure is first specified to impute values for the variables with
missing data. This is repeated multiple times to create multiple completed datasets, reflecting
the uncertainty surrounding the missing values. Each completed dataset is then analysed
using standard methods, with the estimates obtained from each of these analyses pooled using

‘Rubin’s rules’ to obtain overall estimates and inferences for the parameters of interest.

There are currently two standard imputation approaches for imputing multiple incomplete
variables: multivariate normal imputation (MVNI)® and fully conditional specification
(FCS).” MVNI assumes that the variables in the imputation model follow a joint normal
distribution. Several studies have demonstrated that MVVNI works well even if some of the
imputed variables are not normally distributed,®8 with rounding methods or latent normal
variable specifications used to handle categorical variables.® Under FCS, imputation is
performed using a series of univariate imputation models, one for each variable with missing
data. A range of univariate models are available, including logistic regression for the
imputation of a binary variable, linear regression for a continuous variable, and ordinal

logistic regression for an ordinal categorical variable.



When there are missing values in semi-continuous variables that are categorised for analysis,
the missing values can either be imputed at the raw data level (i.e. in the semi-continuous
variable, with the ordinal variable derived following imputation), or the ordinal variable
could be imputed directly.

A number of approaches are available for imputing semi-continuous variables at the raw data
level. Schafer and Olsen proposed a two-part method that first uses a logistic regression
model to impute the binary component of the semi-continuous variable (i.e. drinker/non-
drinker).1® Then, a linear regression model is specified to impute the (usually log-
transformed) continuous component (i.e. number of units of alcohol consumed). Because of
the two-step conditional nature of this approach, it is suited to the FCS framework. However,
it is also possible to implement the two-part method using MVNI. This involves imputing the
binary and continuous components as separate variables, and obtaining the binary imputed
values either via post-imputation rounding or through a latent normal variable specification.
If the semi-continuous data are counts with a large proportion of zero values, then another
option is to impute the missing values using methods for handling zero-inflated count data,
e.g. zero-inflated Poisson models or zero-inflated negative binomial models when there is
overdispersion (i.e. where the variance of the data is greater than the mean).!! Similarto-the
two-part-methods-the The zero-inflated imputation approaches are mixture modelling

methods consisting of a model for the zeros and a model for the counts (e.g. Poisson or

negative binomial).12 There are also dedicated methods for imputing semi-continuous
variables, such as the blocked general location model developed by Javaras and van Dyk.!3
However, we do not consider this method in the current study, as it is not readily accessible

to users in practice.

It is also possible to impute semi-continuous variables using general-purpose methods for
continuous variables. One method that can be implemented within the FCS framework is
predictive mean matching (PMM).1415 PMM replaces the missing value with an observed
value ‘borrowed’ from a donor (or pool of donors) with the closest predicted value from a
linear regression model. The appeal of PMM is that the observed range and distribution of the
variable are preserved, because only values that have been observed are used for the
imputation. Another option is to impute the semi-continuous variable using simple linear
regression assuming normality. This method was considered by Yu et al.%¢ and resulted in a

large number of negative values being imputed, which were replaced with zero. Yu et al.®



reported that this method performed poorly, and we therefore do not consider this method in
the current study.

Alternatively, the missing values can be imputed directly on the ordinal scale required for
analysis. One option is to impute the ordinal variable using an ordinal logistic regression
model, which can be used within FCS in a general multivariable missingness setting.”*’
Another option is to create a set of indicator variables that represent the categories of the
ordinal variable, impute these indicators using MVNI. To obtain binary (rather than
continuous) imputed values, the indicators can either be imputed using a latent normal
specification for the binary indicators,'® or a rounding method can be applied after imputation
to allocate each observation to one of the ordinal categories. Studies that have compared
methods of rounding have identified the method of projected distance-based rounding
proposed by Allison'® to be the best method for rounding indicator variables.?2* Another
approach is to treat the ordinal values as continuous and impute them using a linear
regression imputation model, followed by rounding of the imputed values. However, we do
not consider this method here, because the values assigned to ordinal categories (and the

distance between them) may not be meaningful.

A few studies have evaluated methods for imputing semi-continuous variables.1%16.22 Schafer
and Olsen'® performed a simulation study to evaluate their two-part method. They found the
two-part method had good coverage and low bias for estimating the proportion in the point
mass, correlation coefficients and regression coefficients, but there was moderate bias and
over-coverage in estimates of log-odds ratios. Vink et al.?2 compared PMM with dedicated
methods for semi-continuous data including the two-part method and the blocked general
location model. They found that PMM had the best performance across a number of
scenarios; it estimated the size of the point mass accurately and preserved correlations and
distributional shapes. Yu et al.® compared a number of routines in available software
packages where semi-continuous variables were imputed either using PMM or a normal
imputation model (either replacing negative values with zero or pre-specifying a boundary to
avoid out of bound values). They found the PMM methods performed well and retained
underlying distributions of semi-continuous variables, while methods assuming normality led
to biased results and poor coverage. Kleinke and Reinecke!? compared a number of methods
for imputing zero-inflated count data (e.g. Poisson, quasi-Poisson, zero-inflated Poisson and
zero-inflated negative binomial multiple imputation). Estimates were biased or had poor

coverage when a restrictive model was used (e.g. if there were excess zeros then these needed
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to be accommodated using a zero-inflated model). However, there was no harm in using a
more general model (e.g. a zero-inflated negative binomial imputation model performed well

even in the absence of overdispersion).

29 This is supported-bv-previous-research-examinina-methods for-imputing-continuous-d

that-are-categerised-foranalysis—In two simulation studies, Demirtas performed-a-simulation
study-that-compared two Hnputation-approaches for imputing continuous data that were

categorised for analysis : i) impute under multivariate normality followed by categorisation

for analysis, and ii) categorise then impute under a log-linear model.?627 In both studies
cCategorisation followed by imputation was the preferred strategy across most simulation
scenarios, suggesting that it may be preferable to impute data in the form in which they will

be analysed. In contrast, in their simulation study, Floden and Bell found imputing before

dichotomisation had similar performance to dichotomisation then imputation.?8 However,

with large amounts of missing data (50%), imputing the continuous variable before

dichotomisation produced less biased results. Previous studies have not evaluated available

methods for imputing semi-continuous variables that are used as categorical exposure

variables in regression analyses, and they have not examined methods that directly impute the

categorised version that is required for analysis. In terms of congeniality, it is generally

recommended that the imputation model should align with the analysis model, which

includes imputing variables in the same form as they appear in the analysis model.17:23.24

Therefore, the methods that directly impute the categorised version may potentially have

better performance due to the resulting congeniality of the imputation and the analysis

models;?4%5 however, this is unclear given mixed results of previous research for imputing

dichotomised variables.26:28




The aim of the current study is to compare the performance of the readily available methods
described above for imputing semi-continuous exposure variables that are categorised for
analysis: PMM for the semi-continuous variable, two-part imputation of the semi-continuous
variable (with two variants each in FCS and MVNI), zero-inflated negative binomial
imputation of the semi-continuous variable, ordinal logistic regression for the categorised
variable, and imputation of indicator variables for the categorised variable using MV NI
(using either rounding or a latent normal specification to obtain binary imputed values). To
compare the imputation methods, we simulated data that broadly reflect the patterns of
drinking behaviour observed within the Victorian Adolescent Health Cohort Study
(VAHCS). We also illustrate the methods using a case study from the VAHCS.

METHODS
Introduction to case study: The Victorian Adolescent Health Cohort Study

The VAHCS is a longitudinal study of 1943 young people who were recruited as adolescents
through schools in Victoria, Australia, which was initiated in August 1992.303! Participants
were recruited when they were 14-15 years old at one of two entry points (waves 1 and 2)
which were six months apart. Participants were followed up on four more occasions at 6-
monthly intervals during adolescence (waves 3 to 6), and at four points in adulthood (waves 7
to 10) when the participants were on average 21, 24, 29 and 35 years of age, respectively. At
each of the adolescent waves, participants completed a retrospective alcohol use diary, from
which the number of alcohol units they consumed on each day/occasion in the previous week
was calculated. In adulthood, alcohol consumption was measured using a beverage and
quantity-specific four-day diary that included all weekend days and the most recent
weekday.3!

For the case study, we focused on males in late adolescence (mean age 17 years, wave 6) and
considered a four-level categorical variable that was derived from the units of alcohol
consumed on the day in the diary week with the highest alcohol consumption. The categories
were: no drinking (0 units); drinking below binge level (1 to less than 5 units); binge drinking
(5 to less than 11 units) and heavy binge drinking (11 or more units). Our illustrative analysis
focuses on estimating the proportions in each of the four drinking categories, and the
association of adolescent drinking behaviour (wave 6) with subsequent binge drinking
(defined as 5 or more units on any one day) in young adulthood (mean age 21 years, wave 7).

Estimating the latter required adjustment for peer drinking behaviour in adolescence, a



potentially confounding variable that was reported by participants at each wave. The
confounder was incorporated as a binary variable, which was equal to one if most of the
participant’s peers drank at any time during adolescence (waves 2 to 6), and was equal to

zero otherwise. The analysis of interest used a logistic regression model:

logit Pr(Binge = 1) = ay, + ayAlcohol, + a,Alcohol; + asAlcohol, + a,Peer
@

where Binge is an indicator for binge drinking in adulthood (21 years) and Peer is an
indicator for whether most peers drank at any wave in adolescence. Alcohol,, Alcohol; and
Alcohol, are indicators for drinking below binge level, binge drinking and heavy binge
drinking in adolescence (17 years), respectively. At each wave in adolescence, participants
also reported the number of cigarettes smoked each day during the last week. These variables
were used to derive a binary auxiliary variable (i.e. a variable used to improve the imputation

procedure) indicating whether the participants had smoked daily at any wave.

The analysis included all males for whom the outcome was observed at wave 7, resulting in a
sample of 725 participants (thus leaving aside for this purpose the potential for selection bias
due to loss to follow-up). For the purpose of the case study, the confounder (peer drinking at
any wave) and auxiliary variable (daily smoking at any wave) were derived for all
participants (regardless of missing data at individual waves), and were therefore complete for
all 725 participants. The only incomplete variable in this example was adolescent alcohol

consumption, which was missing for 18% of participants.
Multiple imputation methods
The following two methods can be used to impute the categorical exposure variable directly:

i) “Ordinal ”; The ordinal categorical variable was imputed using an ordinal logistic
regression imputation model. This was implemented as a single univariate
imputation model, but it can also be carried out within the FCS framework.

ii) “MVNI indicator - rounding ”: For a 4-level ordinal variable, three binary
indicator variables were generated to represent the categories of the ordinal
variable (excluding the reference category). The missing indicators were imputed
using MVNI, and the resulting (continuous) imputed values were used to allocate
the record to one of the four categories using projected distance based rounding *°.
Specifically, an imputed value for the reference category indicator was first



i)

calculated by subtracting the imputed values for the other three categories from 1.
The record being imputed was then allocated to the category with the largest
imputed value across all categories (including the reference category) in the
completed dataset 1932,

“MVNI indicator — latent ”: This is a variant of method (ii) where instead of using
post-imputation rounding, the binary indicators are represented by latent normal
variables in the imputation model.!® The latent variables are modelled jointly

under the assumption of multivariate normality.3

The following imputation methods can be used to impute the semi-continuous variable,

followed by derivation of the ordinal variable:

iv)

vi)

vii)

“Predictive mean matching ” (PMM): The semi-continuous variable was imputed
using PMM using the Type | matching algorithm recommended by Morris et al.*.
We specified the imputed value to be sampled by random selection from the 5
nearest (observed) neighbours to the linear prediction for the missing value.
“Two-part FCS — conditional ”: This two-part imputation method involved two
univariate imputation models within the FCS procedure 7. A logistic regression
model was first specified to impute a binary variable that represented whether the
semi-continuous variable had a zero or positive value. For records with a positive
value according to the imputed binary variable, the continuous value was then
imputed on a log-transfomed scale using a linear regression model. The
continuous values were transformed back to the original scale following FCS.
“Two-part FCS — just another variable ” (JAV): This method is a variant of
method (v), also using logistic regression to impute the binary values, and linear
regression to impute the log-transformed continuous values using FCS. However,
unlike method (Vv), this approach ignores the relationship between the binary and
continuous components, and imputes the continuous values as “just another
variable”. After the FCS procedure, the semi-continuous variable is imputed as
either zero (if the imputed binary variable is zero) or the back-transformed
continuous values (if the imputed binary variable is one, ignoring the imputed
continuous value when the binary variable is zero).

“Two-part MVNI — rounding ”: Similar to the other two-part methods (v and vi),
under this approach the semi-continuous variable is represented as two variables:

a) a binary indicator for whether the values are zero or positive, and b) the log-



transformed continuous values. These two variables are then imputed as separate
variables using MVNI. As the imputed values for the binary component are
continuous, the imputed values are rounded to 0 or 1 using an adaptive rounding
method, where the threshold for rounding is based on a normal approximation to
the binomial distribution.3* In the final step, imputed values for the semi-
continuous variable are obtained by setting the missing values to zero (if the
binary indicator is equal to zero) or the back-transformed continuous values (if the
binary indicator is equal to one), as for method vi.

viii)  “Two-part MVNI — latent ”: This method is a variant of method (vii), where
instead of using adaptive rounding to handle the binary variable in the MVNI
imputation, a latent normal specification is used.®® This approach assumes that the
binary variable is linked to a latent normal variable through a probit model. This
underlying normal variable is modelled jointly with other incomplete variables (in
this case the continuous component of the semi-continuous exposure) under the
MV NI assumption of multivariate normality, and then the probit transformation is
used to yield imputations of the binary variable.3

iX) “Zero-inflated negative binomial (ZINB): This imputation approach uses a
mixture model, whereby a logit model is used to impute a binary variable that
represents whether the semi-continuous variable has a zero or positive value, and
a negative binomial model with a log link is used to impute the positive counts.
Nete-We used a zero-inflated negative binomial model rather than a zero-inflated
Poisson model based on findings that a more general, rather than restrictive,
modelling approach is recommended (where the negative binomial model is
considered more general as it estimates an additional parameter that allows for

overdispersion).'?
Application to case study

We applied these methods to the case study. The imputation models included all analysis
model variables (i.e. variables in Equation 1), as well as a binary indicator for daily smoking
at any adolescent wave, which was included as an auxiliary variable. For each method, 20
imputed datasets were generated and Rubin’s rules® were used to combine the results of the
logistic regression analysis model, as well as the estimates of the marginal proportions in

each drinking behaviour category. For comparison, a complete case analysis (i.e. analysis
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only including participants with completely observed data) was also performed. See Results

section.
Simulation study

The simulation study was designed to represent realistic scenarios based on the VAHCS case
study. Further details on the choice of parameter values for the simulation study are provided
in Supplementary Table 1.

Data generation

The simulated datasets included a semi-continuous exposure variable (X;), a binary outcome
variable (Y)) and a binary confounding variable (X,). In these simulations, we assumed that
the exposure variable X; was truly semi-continuous, but was related to the outcome Y as a
categorised variable. A continuous auxiliary variable (X3) was also generated for inclusion in
the imputation models to provide additional information for the prediction of the missing
data. We simulated data for three scenarios where 20%, 40% and 60% of values were in the
point mass of the semi-continuous variable (with a value of zero). The steps for the

generation of the data were as follows:

Step 1: A confounder variable (X,) and an auxiliary variable (X3) were simulated as:
X,~Binomial(1,0.7) and X;~N (0,1), respectively.

Step 2: A semi-continuous variable (X;) was simulated by first generating a binary indicator,

U, as a function of the confounder and auxiliary variables using:
logit Pr(U = 1) = By + B Xy + BoX5 2

with the value for 8, (given in Supplementary Table 1) altered to control the percentage of
zeros (i.e. 20%, 40% or 60%), B; = 1.25 (odds ratio (OR) = 3.5), and 3, = 0.41 (OR =
1.5).

A continuous variable (V), representing the positive values for X;, was then generated from a

Poisson regression model dependent on the confounder and auxiliary variable using:
V~ Poisson(u) 3)

log (1) =yo +v1X2 + 72X3 4

11



where y; = 0.5, y, = 0.3, and y, was varied to control the median of the continuous

component of X; (see Supplementary Table 1 for details).

The semi-continuous variable, X;, was then obtained by setting X; = 0ifU =0,and X; =V
ifUu=1.

Step 3: A four-level categorical variable, C, was derived from the semi-continuous
variable, X;, where:

0ifX, =0

_ )J1ifX; >0and < 6
¢= 2ifX; = 6and <9 ®)

3ifX; =29
We then generated indicator variables for the non-reference (non-zero) categories defined in
equation (5),i.e. I, =I(C =1),1, = I1(C = 2),and I3 = I(C = 3) where () is the indicator

function.

Step 4: A binary outcome variable, Y, was generated as a function of the indicator variables

(I, I , I3 ), and the confounder variable, using the following logistic regression model:
logit Pr(Y = 1) = 8o + 8,11 + 8,1, + 8315 + 8,X, (6)

where 8, = —0.83, 8, = 0.69 (OR = 2), 8, = 0.92 (OR = 2.5), §; = 1.39 (OR = 4), and
8, = 0.92 (OR = 2.5).

Missing data

Missing data were imposed on the semi-continuous variable (X;) using two different
mechanisms. Firstly, data were set to be missing completely at random (MCAR), whereby a
random sample of 30% of values of X; were set to missing. Secondly, data were set to be
missing at random (MAR), where the missingness in X; was dependent on the outcome,

confounder and auxiliary variables, using the logistic regression model:
logit Pr(X; missing) = (o + Y + X, + {3X5 @)

where {; = 0.69 (OR = 2), {, = —0.69; OR = 0.5), and {3 = 0.69; OR = 2). The value of

{, was controlled so that approximately 30% of observations were missing.

For each semi-continuous exposure variable scenario (20%, 40% and 60% zeros) and the two
types of missingness (MCAR and MAR), 2000 datasets of 1000 observations were generated.
The sample size of 1000 observations per dataset was chosen to be a realistic sample size for

12



a cohort study and was motivated by the VAHCS (which recruited n=1943 in total, with
n=725 included in the case study analysis). A simulation sample size of 2000 replications
was chosen to produce a standard error of 0.5% for a coverage of 95%.36

Multiple imputation methods

The missing values were imputed using the nine approaches described previously. For each
MI analysis, 50 imputations were generated and results of target analyses combined using
Rubin’s rules® (with no transformation of estimates of regression coefficients and proportions
prior to combination).1” A larger number of imputations was used for the simulations
compared to the case study as there was a larger proportion of missing data.

Target analyses and evaluation of performance

The parameters of interest were the marginal proportions in each of the 4 categories of the
semi-continuous exposure variable, and the coefficients from the logistic regression for the
binary outcome on the exposure indicators (adjusted for the confounder) (equation 6). These
parameters were estimated using each of the nine imputation methods, along with a complete
case analysis for comparison. For the marginal proportions, a pseudo-population of one
million complete observations was generated for each scenario in order to obtain ‘true’
population values of the proportions. For the logistic regression coefficients, the ‘true’ values

were the parameter values specified in the data generating model (equation 6).
Four measures of performance were considered for the evaluation of the methods:

i.  Bias: the difference between the average of the estimates (over the 2000
replications) and the ‘true’ value.

ii.  Empirical standard error (SE): the standard deviation of the point estimates
over the 2000 datasets.

ii. Model-based SE: the average of the estimated standard errors over the 2000
replications. If an imputation procedure is performing well, the average
model-based SE should be similar to the empirical SE.

iv.  Coverage: the proportion of 95% confidence intervals across the 2000
replications that contain the true value.

Software

13



For both the case study analysis and the simulation study, the MV NI indicator-latent and two-
part MVNI — latent methods were implemented in R 3.5 using the ‘jomo’ package.®3” The
ZINB method was implemented using the ‘countimp’ package, which is an add-on for the
‘mice’ package in R.383° The remaining analyses were conducted using Stata 15.1*° using the
mi impute command, with the exception of PMM, which was performed using the ice*! add-
on program for Stata to enable implementation of the Type | matching algorithm.'® To avoid
perfect prediction, the ‘augment’ option was specified when implementing the ordinal and
two-part FCS methods in Stata.*%#? Performance measures and Monte Carlo errors were

calculated using the ‘simsum’ package in Stata.*0:43

RESULTS
Simulation study

Marginal proportionsResults for the MAR scenarios for the marginal proportions are shown
in Figure 1 and Supplementary Table 3. Estimates from the complete case analysis were
biased as expected, particularly for estimates of proportions in the “no drinking” and “heavy
binge” categories. PMM and ZINB generally had the lowest bias, while the MV NI-indicator
and two-part MVNI rounding methods had the largest bias and largest standard errors for
several scenarios. In general, the two-part methods estimated the size of the point mass well,
but estimates of the proportions in the other categories were biased. In addition, the two-part
imputation methods produced the largest inconsistencies between empirical and model-based
SEs, with empirical SEs generally being smaller than model-based SEs. No methods
consistently had coverage close to nominal levels, with poor coverage for the MVNI indicator
and two-part MVNI rounding methods for several scenarios. PMM was the best performing
method with respect to coverage despite slight under-coverage for some of the proportions

for some scenarios.

Results for MCAR scenarios for the marginal proportions are provided in Supplementary
Table 2. As expected, under MCAR there was negligible bias in the results for the complete
case analysis. The ZINB and PMM methods had the best performance with respect to bias.
The two-part methods produced the largest biases, particularly for estimates of proportions in
the binge and heavy binge categories. In terms of standard errors, the two-part MVNI
rounding and MV NI indicator methods generally produced larger SEs than the other
methods. For the MVNI indicator method, the model-based SEs were generally smaller than

empirical SEs, leading to under-coverage. Coverage was close to nominal values for the

14



ordinal imputation method. Taken together, the PMM, ZINB and ordinal methods appeared
to be the best performing imputation methods for estimating marginal proportions under
MCAR.

Logistic regression coefficients

Results for the logistic regression coefficients are shown in Figure 2 and Supplementary
Tables 5 for MAR. No imputation method consistently had the best performance across all
scenarios. The ordinal method produced the smallest bias across many scenarios, and the
ZINB method also performed well, but both methods had over-coverage of the 95%
confidence intervals. PMM had the worst performance in terms of bias, followed by the

MV NI indicator-rounding and two-part MVNI rounding methods. There were inconsistencies
between model-based and empirical SEs for most imputation methods, and no methods
consistently achieved nominal coverage levels, with PMM having the worst levels of under-
coverage. There was a similar pattern of results for the MCAR scenario, with smaller levels
of bias than under MAR (see Supplementary Table 4).

When comparing the methods that required post-imputation rounding (MVNI indicator-
rounding and two-part MVNI-rounding) with the respective methods that used a latent
variable approach (MVNI indicator-latent and two-part MV NI-latent), the rounding methods
generally produced more biased estimates of regression coefficients.

For the MCAR scenario with 20% zeros, the imputation methods did not converge for a small
number of replications (n=3 for the MVNI indicator method; n=2 for the ordinal, PMM, 2-
part FCS conditional, 2-part FCS JAV and 2-part MVNI round methods). These problems
occurred in simulated datasets where all cases with X; = 2 had the same outcome (Y = 1).
There were no convergence problems for the MV NI indicator-latent, 2-part MVNI latent and
ZINB methods, but the model-based standard errors were very large for the same three
replications; we therefore omitted these repetitions from the results (Supplementary Tables 2
and 4).

Case study

Figures 3 and 4 present the estimates of proportions and associations respectively when a
complete case analysis and the nine imputation methods were applied to the case study. The

complete case analysis and nine imputation methods produced similar results for the
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estimates of the proportions in each of the alcohol consumption categories (Figure 3) s. There
was some variability in the estimates of associations across methods (Figure 4), but these
differences would not change the substantive conclusions.

DISCUSSION

This paper compared methods for the imputation of a semi-continuous variable in a context
where it is analysed as a categorical exposure variable as is commonly done in
epidemiological analyses.**4” We examined three methods that imputed ordinal categories
directly, and six methods that imputed the semi-continuous variable followed by
categorisation. Across the simulation scenarios, we found that the ordinal logistic regression

and ZINB imputation approaches performed well across most scenarios.

We hypothesised that imputing the ordinal categories directly would be the preferred
strategy, as the imputation model would be congenial with the substantive analysis that
involved an ordinal exposure variable. However, there are also arguments for imputing the
semi-continuous variable followed by categorisation as there may be advantages in retaining
information about the semi-continuous distribution when imputing missing values. In this
study, we did not find a preferred strategy with respect to imputing before or after
categorisation, as we found both good and poor performing methods within these two
strategies, with possible reasons discussed below.

Previous studies have recommended the use of PMM for imputing semi-continuous variables.
1622 Consistent with the published research, we found that PMM performed well for estimates
of marginal proportions, particularly for the MAR scenarios. However, PMM produced the
largest bias for estimates of logistic regression coefficients. This highlights the importance of
considering the parameter of interest when selecting an imputation method. PMM may be
preferable for preserving features of marginal distributions, but less so for measures of
association. Of the two-part methods, the worst performing approach was MV NI with post-
imputation rounding, which produced the most biased results, as well as the largest standard
errors for estimates of proportions. The remaining two-part methods (two-part FCS
conditional, two-part FCS JAV and two-part MVNI latent) had similar performance across
most scenarios examined; they generally performed well for the estimates of associations, but

there was under-coverage and bias in estimates of proportions. Of the methods that imputed

the semi-continuous variable followed by categorisation, ZINB was the best performing
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the-continueus-values. However, 1t is possible that our simulation design favoured the ZINB

approach, as we used a count model (i.e. Poisson regression) in the data generating process

for the semi-continuous variable.

On the whole, the simulation study does not support the use of the MVVNI indicator approach.
In particular, we observed biased estimates of associations for the MVNI indicator method.
This may be due to the need to round the indicator variables following imputation, which can
introduce bias.®? These findings are consistent with other studies that caution against the
rounding of imputed values. *8-% However, the use of rounding methods is contentious and
there are studies in favour of such approaches,® and we also had simulation scenarios where
the latent variable approach had worse performance than the rounding methods.

A limitation of this study was that performance of the imputation methods was examined

using a simulation study with a limited number of scenarios, icluding-enly-ene-sample-size
{p=10060)-and-with only one variable with missing data. Additionally, we only evaluated the

performance of these methods for a relatively large sample size (n=1000), and therefore the

results may not generalise to smaller samples. In addition, our simulation study only used one

set of cutpoints for categorising the semi-continuous data, which was chosen to produce the
marginal proportions observed in the VAHCS case study. Although the choice of cutpoints
may have influenced results, we note that a previous simulation study of imputation methods
for continuous data that were ordinalised for analysis found no systematic trends across the
cutpoints examined.?” Another limitation is that we only compared methods that were
available in mainstream statistical packages and did not, for example, explore the blocked
general location method that was not easily accessible by users. We also did not include-focus
on other approaches for handling incomplete zero-inflated count data, such as hurdle
models.3® However, in additional simulations we found that the zero-inflated and hurdle
negative binomial methods had nearly identical performance (results ret-shownpresented in
Supplementary tables 2-5). A strength of this study is that we endeavoured to design the

simulation study to replicate the features of a real cohort study. As with all simulation
studies, the simplified conditions examined may not accurately represent the complexity of
real observational data. However, it is important to identify which methods do not perform
well in a simplified setting before considering more complex scenarios, such as extensions to

analyses with more than one incomplete variable.
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Although this paper used alcohol consumption as a motivating example, researchers in other
epidemiological contexts encounter variables that follow similar semi-continuous
distributions, such as the number of cigarettes smoked, days of hospital admission, years in a
relationship, and hours of TV watching, and would face similar decisions when using Ml to

handle missing data in these variables.
CONCLUSION

We considered the challenges of imputing semi-continuous variables in the context where
they are used as ordinal exposure variables in the analysis. Based on our simulations, we
found that the ordinal and ZINB methods generally performed well across many scenarios.
PMM had good performance for marginal proportions, but not for estimates of regression
coefficients. In general, the MVVNI methods that required rounding of the imputed values did
not perform well. There were mixed results for the two-part FCS and MV NI-indicator latent
methods: they generally performed well in estimating regression coefficients, but not as well
for marginal proportions. Future research is required to replicate these findings, and in
particular to investigate these methods across a range of more complex scenarios.
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FIGURE CAPTIONS

Figure 1. Simulation results for estimating the marginal proportions for the missing at
random (MAR) scenario, with 20% (left column), 40% (middle column) and 60% (right
column) of zero values in the point mass of the semi-continuous variable. Results shown are
bias (top row), empirical standard error (middle row) and coverage (bottom row) of the
estimates of the proportions in the no drinking, drinking below binge level, binge drinking
and heavy binge drinking categories. Vertical grey lines in the middle row show the
difference between the model-based standard errors and the empirical standard errors.

Figure 2. Simulation results for estimating the logistic regression coefficients for the semi-
continuous exposure for the missing at random (MAR) scenario with 20% (left column), 40%
(middle column) and 60% (right column) of zero values in the point mass of the semi-
continuous variable. Results shown are bias (top row), empirical standard error (middle row)
and coverage (bottom row) of the estimates of the coefficients for the drinking below binge
level, binge drinking and heavy binge drinking categories with non-drinkers as the reference
category. Vertical grey lines in the middle row show the difference between the model-based
standard errors and the empirical standard errors.

Figure 3. Estimates of the marginal proportions in each drinking behaviour category for
males in late adolescence from the VAHCS case study. Results shown are proportions and
95% confidence intervals. n=594 for complete case analysis (CCA); n=725 for multiple
imputation analyses.

Figure 4. Estimates of associations between drinking behaviour in late adolescence and any
binge drinking in young adulthood for males from the VAHCS case study. n=594 for
complete case analysis (CCA); n=725 for multiple imputation analyses. Results represent
log-odds ratios and 95% confidence intervals for each category compared to the no drinking
(reference) category adjusted for peer drinking.
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