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SUMMARY

Background: Administrative databases do not contain Body Mass Index (BMI) information. In proportion-based imputation (PBI) technique, a BMI category is assigned to an
individual according to the proportions observed in external survey data. Alternatively,
BMI can be imputed using Multiple Imputation (MI).
Objectives: To compare MI with PBI to impute BMI variable in osteoarthritis (OA)cardiovascular disease (CVD) relationship.
Research Design: plasmode simulation study.
Subjects: used publicly available data from the Canadian Community Health Survey
(CCHS) cycles 1.1, 2.1, and 3.1.
Measures: BMI was set missing for everyone in the 500 simulated data created from CCHS
3.1 data. Dataset compiled from CCHS cycles 1.1 and 2.1 served as the external data
(BMI observed). BMI missing in copies of simulated data was imputed using MI and
PBI accessing observed BMI information in external data. After imputation, distribution
of BMI variable and the adjusted odds ratio (aOR) estimated from multivariable logistic
regression model were compared.
Results: Compared to PBI, MI produced proportions of individuals closer to the known
proportions across the BMI categories except for the overweight category. Considering
the known aOR of 1.59 (1.36, 1.82), BMI imputed using MI introduced less bias in OACVD association compared to PBI, the aOR was 1.62 (1.39, 1.86) and 1.66 (1.41, 1.90),
respectively.
Conclusions: This is the first study to compare MI with PBI in the context of imputing
BMI information that is not recorded at the database level. MI was superior to imputation
method based on population-level proportions in imputing BMI missing for everyone in the
simulated datasets.
Keywords and phrases: BMI, osteoarthritis, cardiovascular disease, plasmode simulation,
Multiple Imputation
AMS Classification: 62P10

1

Introduction

Administrative databases are increasingly being used to undertake epidemiological research. As
these data are primarily collected for administrative purposes, such as physician billings or hospital
utilization tracking, researchers typically do not have any say over the type of information collected.
Hence, administrative databases often do not include information on all the variables necessary to
answer specific research questions. Specifically, data on potential confounders is often not collected.
Consequently, not being able to adjust for potential confounders is a major challenge while using
administrative databases (Solomon et al., 2010). For example, being obese or overweight and the
related construct of body mass index (BMI) are an important risk factor for many diseases (Government of Canada, 2020; Cardiac Health Foundation Of Canada, 2020; National Institutes of Health,
2020; World Heart Federation, 2020; British Heart Foundation, 2020). However, BMI information
is usually not included in administrative databases, including those in British Columbia (BC). If
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researchers perform regression adjustment or matching in the absence of a known confounder in the
available dataset, the assumption of conditional exchangeability will not be valid anymore (Hernán
and Robins, 2006). Failing to meet this identifiability condition for causal inference may lead to a
biased estimate of the association of interest. To overcome this major limitation, many researchers
under real-world conditions (e.g., dealing with electronic health records) attempt to impute an important confounder before trying to estimate the association of interest (Secrest et al., 2020; Sperrin
and Martin, 2020). For example, in a longitudinal study investigating the association between osteoarthritis (OA) and cardiovascular diseases (CVD) using BC administrative databases, Rahman
et al. (2013) imputed BMI categories for all study participants using data from another source,
namely the Canadian Community Health Survey (CCHS). The imputation was done randomly in
accordance with the proportions observed among individuals in CCHS who were grouped based on
the OA exposure, CVD outcome and demographic variables (Rahman et al., 2013). In a separate
BC population-based study investigating the association between rheumatoid arthritis (RA) and diabetes mellitus, Schmidt (2016) used a similar imputation based on proportions of obesity among RA
patients versus the general population. However, none of the studies attempted to measure the extent of potential bias or confounding resulting from BMI being imputed using the proportion-based
imputation method (Rahman et al., 2013; Schmidt, 2016).
A limitation of assigning a BMI category to an individual randomly according to a populationlevel proportion, as described in studies mentioned above (Rahman et al., 2013; Schmidt, 2016), is
that this does not account for the imprecision associated with the imputation technique employed
and may introduce bias (Sterne et al., 2009; Ratitch et al., 2013). Moreover, such imputation of
BMI category of individuals in study data from administrative databases using population-level proportion does not account for individual-level heterogeneity. The resulting imputed values of BMI
may be unrealistic for study individuals (e.g., may contradict the characteristics recorded in the administrative data). If, instead, we impute BMI values that are generated based on individual-level
covariates that are predictive of BMI, those BMI values would be much more realistic and consistent with individual’s characteristics. Rubin (1987) introduced the multiple imputation technique
that has the potential to overcome these limitations of proportion-based imputation because of the
following two essential features. First, multiple imputation accounts for the imprecision involved
with the imputation, thus lessens bias and provides valid statistical inferences (Sterne et al., 2009;
Ratitch et al., 2013). Second, a multivariable multiple imputation model uses variables recorded at
the individual level, and therefore, imputes the missing BMI value from a series of plausible values,
had it not been missing (Liu and De, 2015).
The primary objective of this study was to investigate, through a real-world case study, whether
imputing an important study variable taking information from external data sources using multiple
imputation approach instead of proportion-based imputation approach would result in less biased
estimates of a given relationship. Towards that goal, we have investigated the relationship between
OA and increased risk of CVD as an example of a relationship in which BMI is an important confounding variable for which information is usually not available in administrative databases, but such
information could be imputed from an alternative source, such as a survey database. We hypothesize that imputing BMI at the individual level using the multiple imputation (Rubin, 1987) provides
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more realistic BMI values and introduces less bias in the estimated model coefficients compared to
coefficients from a model in which BMI categories are imputed using proportion-based imputation
(Rahman et al., 2013; Schmidt, 2016).

2

Methods

2.1

Data sources

2.1.1

Study dataset

To adequately assess the effect on bias and uncertainty associated with imputation of missing information on BMI, particularly in administrative data, we needed a dataset in which BMI is at least
partially recorded at the individual level. Since administrative databases do not contain information on BMI, prospectively collecting BMI information for a large sample from administrative data
would be both time and cost restrictive. Instead, we used data from the CCHS, a large national health
survey data representing approximately 98% of the Canadian population. After starting in 2001, the
CCHS was repeated every two years until 2005 collecting information on a large number of variables from approximately 130,000 respondents. We created a study dataset from CCHS cycle 3.1
(2005) (henceforth, Data.1) (Government of Canada, 2005b,a; Statistics Canada, 2006b). Specifically, Data.1 had complete information (no missing values) on OA exposure, CVD outcome and
potential confounding variables including BMI. We created a dichotomous explanatory variable of
OA using responses of two CCHS questions (Statistics Canada, 2006a). The first question, administered to all respondents, was “Do you have arthritis or rheumatism?” and the second question, which
was only asked of respondents who answered yes to the first question, was “What type of arthritis?”.
As respondents were not asked this second question in CCHS cycles after 3.1, formed the rationale
for using CCHS cycle 3.1 for our study. The dichotomous outcome variable for CVD was obtained
directly from a survey question ‘Do you have heart disease?’ that was asked of all respondents.
The BMI was recorded as a categorical variable with underweight, normal weight, over weight and
obese categories. Responses such as ‘Don’t Know’, ‘Refusal’ or ‘Not Stated’ were excluded. Comparison between MI and PBI on a single dataset context may be susceptible to chance findings. To
overcome this limitation we needed to create multiple datasets. We created 500 simulated datasets
(Data.2) from the Data.1 using plasmode simulation. Plasmode simulation is a validated statistical
framework that helps replicate an empirical cohort study into multiple simulated datasets (Franklin
et al., 2014). The core of this approach is to simulate dataset by resampling a real data in such a
way that preserves the empirical associations among observed covariate and exposure. Based on
the usefulness of this approach in epidemiologic studies using administrative databases,it recently
gaining more popularity in various studies with methodological interest (Franklin et al., 2017; Edelmann et al., 2020; Jagdhuber et al., 2020; Karim et al., 2018). Ethics approval for this study using
publicly available CCHS data was covered by item 7.10.3 in University of British Columbia’s Policy
#89: Research and Other Studies Involving Human Subjects (Board of Governors , University of
British Columbia, 2012) and Article 2.2 in of the Tri-Council Policy Statement: Ethical Conduct for
Research Involving Humans (TCPS 2) (Government of Canada, 2018).
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Simulated datasets using plasmode simulation

In Monte Carlo simulation studies, covariates are often generated independently or by assuming
a fixed correlation structure for the sake of simplicity (Fewell et al., 2007; Sahbaee et al., 2014).
From an epidemiological standpoint, such oversimplified correlation structure is often inadequate
in explaining the true interrelationship that exists among covariates under consideration, which in
turn affects the conclusion of the study (Franklin et al., 2014). Inspired by a real administrative
data plasmode simulation technique generates multiple simulated datasets in which the number of
covariates as well as the complex covariance structure are preserved as in the original dataset. Consequently, plasmode simulation technique is considered to be realistic and resembles the features
of a real epidemiologic dataset (Franklin et al., 2014, 2015). At first step we fitted a multivariable
logistic regression model using Data.1 (N = 84, 452). In this model the exposure was OA, outcome
was CVD, and age, sex, level of education, household income level, physical activity index, smoking status, diabetes, hypertension and BMI category were entered as the confounding variables. We
then used resampling with replacement from Data.1. We did not modify the OA exposure status and
any of the co-variables during sampling (Franklin et al., 2014). As such, the associations among
the study variables remained unchanged in the sampled populations. We replaced the Odds Ratio
(OR) with 1.60 (estimated from the Data.1 in the first step). As such, we knew the true OR of
1.60 for all the simulated datasets upfront. We applied this outcome-generating model to the OA
exposure and covariate data sampled with replacement from the study dataset. Finally, we created
a binary CVD outcome status for each subject using the probability of outcome obtained from the
outcome-generating model. We created the simulated datasets using this plasmode simulation technique starting from the sampling of individuals (Franklin et al., 2014). After each iteration, we
monitored the average of the estimated OR that was stabilized at 35th iteration and did not change
further. We created 500 simulated datasets (Data.2) (n = 75, 000).

2.2

Setting missing information for BMI

We set the BMI variable missing for everyone in copies of the 500 simulated datasets (Data.3). This
Data.3 mimics administrative data in which BMI is not recorded and missing for everyone in the
database.

2.2.1

External survey data

Similar to the previously published proportion-based imputation method (Rahman et al., 2013), we
created a large dataset (Data.4) by compiling data from CCHS cycles 1.1 (2001) (Government of
Canada, 2003a) and 2.1 (2003) (Government of Canada, 2003b). This Data.4 served as the external survey data in both multiple imputation and proportion-based imputation methods. Table 1
summarizes the different datasets that are used in this study.
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Table 1: Description of various datasets used to compare multiple imputation approach with
proportion-based imputation method in imputing BMI variable missing for everyone in a database
Dataset

Description

No. of participants (N )

Comments

Data.1

Study dataset created from CCHS
cycle 3.1 (2005)

84,452

Complete information on all variables including BMI

Data.2

500 simulated datasets created
from study dataset using plasmode simulation

75,000

Complete information on all variables including BMI

Data.3

Copies of 500 simulated datasets
but setting BMI as missing for everyone in the datasets

75,000

Missing information for BMI for
everyone in the dataset. Complete
information on other variables

Data.4

External survey data created by
compiling data from CCHS cycles 1.1 (2001) and 2.1 (2003)

149,810

Complete information on all variables including BMI

2.2.2

Multiple imputation

In multiple imputation, multiple copies, usually three to five, of complete datasets are created by
imputing the missing value (Rubin, 2004). Each of the complete datasets is then analyzed separately
using an appropriate statistical method. Finally, the estimates from each of the complete datasets are
combined using Rubin’s rules to produce a single, pooled estimate (Sterne et al., 2009). The type of
distribution under which a missing value will be imputed is an important consideration in selecting
the multiple imputation model (Van Buuren, 2018). Unlike Markov Chain Monte Carlo method
which assumes a joint multivariate normal distribution among all variables entered into the imputation model, the fully conditional specification method uses a separate conditional distribution to
impute the missing variable (IDRE Stats, 2020). In addition, fully conditional specification method
is advantageous because it allows selecting the imputation model based on the type of the missing
variable. In this study, we aggregated data by setting Data.3 under Data.4. In this aggregated data
BMI was observed for individuals from Data.4 and missing for individuals from Data.3. We implemented multiple imputation (with a number of imputations = 5) by PROC MI in SAS (version 9.4)
using fully conditional specification logistic regression (Liu and De, 2015). We used information on
age, sex, OA and CVD in the imputation model.

2.2.3

Proportion-based imputation

We grouped individuals in Data.4 based on OA, CVD, 10-year age category and sex. Within each
group we calculated the proportions of individuals in each of the four BMI categories. Finally,
individuals in Data.3 were grouped based on OA, CVD, 10-year age category and sex; and then
similar proportions of BMI categories were imputed.
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Analytic approach

We carried out the analysis in two steps. First, we implemented multiple imputation and proportionbased imputation to impute the missing BMI variable in Data.3. We then analyzed the imputed
datasets and compared results with the known values estimated from Data.2. Based on the recommendations provided by Sterne et al. (2009), in evaluating the performance of imputation methods,
we compared the proportion of individuals in each of the four BMI categories, and the ORs estimated from the multivariable logistic model (Please see appendix 1 for detailed reporting). In this
model, CVD outcome was regressed on OA exposure adjusting for age, sex, physical activity index, level of education, household income level, smoking status, diabetes, hypertension and BMI
category. To evaluate the performance of the plasmode simulation approach adopted in this study,
we first estimated the proportion of individuals in each of the four BMI categories within each of
the 500 simulated datasets (Data.2). Then we calculated the average of the proportions in each BMI
category and compared that with the proportions observed in Data.1. We also fitted the multivariable
logistic regression model in each of the 500 simulated datasets (Data.2) separately and calculated
the average of the 500 ORs. The 95% confidence interval (CI) of the averaged OR was calculated
by the percentile method. We compared this average OR from Data.2 with the OR estimated from
Data.1.
In multiple imputation method, we created five complete datasets for each of the 500 simulated
datasets (Data.3) by imputing the missing BMI. We fitted the multivariable logistic regression model
in each of the complete datasets separately and combined the ORs using Rubin’s rule to obtain 500
pooled ORs. Finally, the average of the 500 pooled ORs was compared with the average of the
500 ORs estimated from Data.2. Rubin’s rule in pooling the ORs accounted for the uncertainty
associated with the imputed BMI (Rubin, 2004). This method takes the input of point estimates and
standard errors from multiple imputed datasets and then generate a pooled estimate with an overall
confidence interval. Rubin’s rule assumes that the estimated statistics are approximately normally
distributed. Similar to the method proposed by Ratitch et al. (2013), we applied log transformation
to normalize the ORs. After combining, the pooled OR was back-transformed to its original log
scale.
After imputing BMI using proportion-based imputation method, we estimated the average of the
proportions in each BMI category observed in 500 simulated datasets (Data.3). We also analyzed
the imputed datasets separately using the multivariable logistic regression model and calculated the
average of the 500 ORs and 95% CI. Figure 1 presents the conceptual framework of the study to
compare multiple imputation with PBI in imputing BMI variable missing for everyone in a study
data using information from external database.

3

Results

The study data (Data.1) contained 84,452 survey respondents including 11,489 respondents with
OA exposure and 4,963 respondents with CVD outcome. Table 2 presents the characteristics of the
overall study sample by OA exposure status. The proportion of females among individuals with OA
was substantially higher compared to individuals without OA, 71% versus 50%. The proportion of
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Figure 1: Conceptual framework to compare multiple imputation with PBI in imputing BMI variable
missing for everyone in a study data using information from an external database

individuals with OA was consistently higher among all groups over 50 years of age. For example,
in the age group of 60-69 years, the proportion of individuals was 27% and 11% among people
with OA and without OA, respectively. The prevalence of obesity was higher among individuals
with OA. A substantial proportion (58%) of individuals were physically inactive among people
with OA compared to non-OA individuals (48%). The prevalence of co-morbid disease conditions,
such as diabetes and high blood pressure, was significantly higher among people with OA (p-value
<0.0001). Individuals without OA appeared to have higher education and income level compared
to people with OA.
Table 3 presents the proportion of individuals in each of the four BMI categories. Plasmode simulation appeared to produce simulated data that closely resembling the study data. The proportion
of individuals in each of the BMI categories were comparable between Data.1 and Data.2; 2% versus 2% in underweight, 45% versus 46% in the normal weight, 35% versus 35% in the overweight
and 18% versus 17% in the obese category. After imputing BMI categories missing for everyone
in Data.3, both multiple imputation and proportion-based imputation methods underestimated the
proportion of individuals in the normal weight category (Table 3). Compared to the known proportion of 46% normal weight individuals in Data.2, the proportion was only 38% when imputed using
proportion-based imputation. In contrast, multiple imputation produced a less biased proportion
of 41% in this category. Proportion-based imputation substantially overestimated the proportion of
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Table 2: Characteristics of study sample (n = 84, 452) for the study data (Data.1) created using data
from CCHS cycle 3.1 (2005) according to osteoarthritis status
N (%)

With

osteoarthritis

osteoarthritis

84,452 (100%)

11,489 (13.60%)

72,963 (86.40%)

No

79,489 (94.12%)

9,750 (84.86%)

69,739 (95.58%)

Yes

4,963 (5.86%)

1,739 (15.14%)

3,224 (4.42%)

Female

44,455 (52.64%)

8,171 (71.12%)

36,284 (49.73%)

Male

39,997 (47.36%)

3,318 (28.88%)

36,679 (50.27%)

20-29 years

13,518 (16.00%)

150 (1.31%)

13,368 (18.32%)

30-39 years

16,726 (19.81%)

413 (3.59%)

16,313 (22.36%)

40-49 years

16,233 (19.22%)

1,091 (9.49%)

15,142 (20.75%)

50-59 years

15,401 (18.23%)

2,712 (23.61%)

12,689 (17.39%)

60-69 years

11,483 (13.59%)

3,094 (26.93%)

8,389 (11.49%)

Variable

Study sample
CVD status

Sex

Age category

BMI category

Physical activity index

Highest level of education

Total household income

Smoking

Diabetes

High blood pressure

Without

70-79 years

7,556 (8.95%)

2,644 (23.01%)

4,912 (6.73%)

≥ 80 years

3,535 (4.19%)

1,385 (12.06%)

2,150 (2.95%)

Underweight

1,887 (2.23%)

231 (2.01%)

1,656 (2.27%)

Normal weight

37,868 (44.84%)

4,127 (35.92%)

33,741 (46.24%)

Overweight

29,660 (35.12%)

4,208 (36.63%)

25,452 (34.88%)

Obese

15,037 (17.81%)

2,923 (25.44%)

12,114 (16.60%)

Inactive

41,890 (49.60%)

6,621 (57.63%)

35,269 (48.34%)

Moderately active

22,121 (26.19%)

2,789 (24.28%)

19,332 (26.49%)

Active

20,441 (24.21%)

2,079 (18.10%)

18,362 (25.17%)

Less than secondary

15,730 (18.62%)

3,628 (31.59%)

12,102 (16.59%)

Secondary graduate

12,973 (15.36%)

1,658 (14.43%)

11,315 (15.51%)

Some post- secondary

6,545 (7.75%)

794 (6.91%)

5,751 (7.88%)

College or university degree

49,204 (58.26%)

5,409 (47.08%)

43,795 (60.02%)

Less than $30,000

22,384 (26.51%)

5,112 (44.49%)

17,272 (23.67%)

$30,000 to $49,999

19,166 (22.69%)

2,739 (23.84%)

16,427 (22.51%)

$50,000 to $79,999

21,505 (25.46%)

2,158 (18.78%)

19,347 (26.52%)

$80,000 or more

21,397 (25.34%)

1,480 (12.88%)

19,917 (27.29%)

Never smoked

26,094 (30.90%)

3,386 (29.47%)

22,708 (31.12%)

Former occasional

13,196 (15.62%)

1,613 (14.04%)

11,583 (15.88%)

Former daily

23,653 (28.00%)

4,250 (36.99%)

19,403 (26.59%)

Current occasional

4,211 (4.99%)

312 (2.72%)

3,899 (5.34%)

Daily smoker

17,298 (20.48%)

1,928 (16.78%)

15,370 (21.07%)

No

79,465 (94.10%)

10,075 (87.69%)

69,390 (95.10%)

Yes

4,987 (5.90%)

1,414 (12.31%)

3,573 (4.90%)

No

68,711 (81.36%)

6,989 (60.83%)

61,722 (84.59%)

Yes

15,741 (18.64%)

4,500 (39.17%)

11,241 (15.41%)

p-value

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001
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Table 3: Comparison of proportion of individuals in each of the four BMI categories after imputing
BMI for everyone in the simulated data
BMI category

Data.1 (%)

Data.2 (%)

Data.3 (%)

Data.3 (%)

BMI imputed using

BMI imputed using

multiple imputation

proportion-based method

Under weight

2.23

2.26

2.54

2.00

Normal weight

44.84

45.98

41.45

38.35

Over weight

35.12

34.93

38.66

34.77

Obese

17.81

16.83

17.34

24.87

Table 4: Comparing adjusted ORs estimated from multivariable logistic regression models
Data

Data.1

Data.2

Data.3

Data.3

Missing BMI

None

None

BMI missing

BMI missing

for everyone

for everyone

in the data

in the data

BMI imputed using

BMI imputed using

multiple imputation

proportion-based method

category

Imputation

None

None

method used
1

Without BMI

1

Including BMI
1

1.62 (1.51, 1.73)

1.63 (1.19, 2.23)

1.63 (1.19, 2.23)

1.63 (1.19, 2.23)

1.60 (1.49, 1.71)

1.59 (1.36, 1.82)

1.62 (1.39, 1.86)

1.66 (1.41, 1.90)

adjusted for age, sex, physical activity index, education and income level, smoking status, diabetes and
hypertension

obese individuals (25%) compared to the known proportion of 17% in Data.2. At the same time, the
proportion of obese individuals was similar, 17% versus 17%, when BMI category was imputed using multiple imputation. Among the overweight individuals, although proportion-based imputation
produced a proportion similar to that was observed in Data.2, multiple imputation overestimated the
proportion by 3%.
Table 4 presents the adjusted ORs estimated using multivariable logistic regression. The odds
of having CVD among people with OA was 1.60 times higher than that of among non-OA controls.
The adjusted OR (95% CI) averaged after analyzing all the plasmode simulated datasets (Data.2)
was 1.59 (1.36, 1.82), closely resembling the known OR of 1.60 estimated from Data.1. The BMI
imputed using multiple imputation produced a less biased estimate of the OA-CVD association
compared to the proportion-based imputation. The adjusted OR (95% CI) was 1.62 (1.39, 1.86). In
contrast, BMI category imputed by proportion-based imputation resulted in an overestimate of the
OA-CVD association, the adjusted OR (95% CI) was 1.66 (1.41, 1.90), much higher than that of
observed in Data.2.
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In a sensitivity analysis, we compared the existing multiple imputation model with a large multiple imputation model. In the later model we used information on other covariables including the
level of education, household income level, physical activity index, smoking status, diabetes and
hypertension, in addition to the age, sex, OA and CVD. Both the existing and large multiple imputation models produced similar proportions in each of the four BMI categories. In multivariable
logistic regressions, BMI categories imputed by existing and large multiple imputation models resulted in similar point estimates of OA-CVD association. The adjusted OR (95% CI) was found to
be 1.62 (1.39, 1.86) and 1.62 (1.38, 1.85) when imputed BMI from the existing and large multiple
imputation models were entered into the multivariable logistic regression models, respectively.

4

Discussion

In the current work, we found that multiple imputation approach performed better than the proportionbased imputation method that has been previously used in imputing important variables in the studies based on administrative database. In a recent publication, a causal mediation analysis was used
to identify the potential reasoning of the increased risk of CVD events observed in patients with
OA, and based on subject-area expertise, BMI was listed as a known confounder in the causal relationship (Atiquzzaman et al., 2019; Yoshida and Desai, 2019). Although a few observational
studies attempted to account for missing BMI by additionally accessing survey data, the effect of
the imputed BMI in estimating an unbiased measure of exposure-outcome association remained
unknown (Rahman et al., 2013; Schmidt, 2016). To the best of our knowledge, this is the first
plasmode simulation-based study comparing multiple imputation with proportion-based imputation
in imputing BMI category, a confounding variable in the association between OA and CVD. After
imputing BMI category missing for everyone in the simulated data using information from external
population-level survey data, compared to proportion-based imputation multiple imputation produced proportions closer to the known proportions across the BMI categories except overweight
individuals. Also, BMI imputed using multiple imputation resulted in substantially less bias in the
OA-CVD association. In contrast, the proportion-based imputation overestimated the association
compared to the known point estimate.
Perhaps this can be explained by the inter-relationship among the numerous variables that are
recorded at the individual level. Franklin et al. (2014) reported that the variables recorded for each
individual have a unique covariance structure that can serve as a proxy for unmeasured confounders
and be used to eliminate bias. It is more likely that the BMI category imputed by multiple imputation using individual-level information would fit in the existing covariate structure better than the
BMI category imputed using population-level proportions. Consequently, the BMI category from
multiple imputation method would perform more realistically in the multivariable outcome model,
such as multivariable logistic regression employed in this analysis. The estimated ORs were not
substantially different from each other after considering the overlap of the confidence intervals.
It is worth noting that, BMI variable was not measured in the dataset by design (not partially
missing), making the missingness pattern for BMI variable to be missing completely at random
(MCAR) by definition (Sterne et al., 2009). As such, from a theoretical perspective, in the absence
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of any unmeasured confounding, BMI variable imputed using any missing data imputation approach
(e.g., MI approach) was not expected to have significant effect on the beta coefficient of OA exposure. However, besides problematic missingness patterns, confounding is also a major threat to
estimating unbiased estimates from observational studies. In this particular work, the BMI variable
itself is an important confounder established in the literature assessing the relationship between OA
and CVD (Government of Canada, 2020; Cardiac Health Foundation Of Canada, 2020; National
Institutes of Health, 2020; World Heart Federation, 2020; British Heart Foundation, 2020). Although we are using imputation methods (commonly used for missing data analysis) here to recover
a variable, we emphasize that the purpose is not to deal with any problematic missingness patterns,
but rather to produce a reasonable proxy variable that would reasonably reflect an unmeasured but
known confounder variable (e.g., BMI in this context), which we can adjust in the analysis in an
effort to reduce bias. There exists recent literature using similar approaches to replicate an important unmeasured variable in the epidemiologic data analysis context (Secrest et al., 2020; Sperrin
and Martin, 2020). After imputing, we also looked into the contribution of the imputed BMI into
the outcome models. There is a notion that the variables used to impute the BMI variable already
contain the information into the outcome model. As such, we wanted to see if the imputed BMI
variable contributes to the model when added along with other co-variables. The effect of adjusting
for BMI was small (1% to 4%). This appeared to be reasonable because BMI was entered as a
covariable into a multivariable logistic regression model. It was expected that one covariable would
not make a substantial change on the estimated OR. Our findings indicated that multiple imputation
was superior because the effect of adjusting for BMI imputed using proportion based imputation was
in the unexpected direction compared to that observed in both study data and simulated datasets.
There are a number of strengths in our study. We used publicly available data from a Canadian
population-level health survey. To the best of our knowledge, all the previous studies investigating the OA-CVD relationship were conducted using population-level health administrative data. As
such, comparing MI with PBI in a study data derived from observational data would be closely related to the real-world problem addressed in this study. Plasmode simulation enabled us to create
500 large (N = 75, 000) datasets to test the hypothesis in multiple data settings. In addition, plasmode simulation technique has the advantage of informing the true effect size set out during the data
generation step that is useful in estimating the bias. One of the limitations of this study is that the
plasmode simulation takes inspiration from a particular dataset to preserve realistic settings. We can
be confident that the methods proposed here perform well for CCHS data under the settings we have
evaluated. Future research using a variety of datasets is necessary to confirm the study findings.
Another point to be noted is the cross-sectional nature of the health survey data. In longitudinal
studies, individuals are prospectively followed for a long period of time. It is possible that the BMI
of an individual may change over time. Imputation of BMI using survey data, either by multiple
imputation or proportion-based imputation, cannot address this change in BMI over time. Under
such circumstances, the imputed BMI can potentially serve as a proxy for the baseline BMI.
In conclusion, our simulation study showed that multiple imputation approach introduced less
bias in the association between OA and CVD than conventional proportion-based imputation when
BMI was imputed for everyone in the data using information from external survey data. A simple
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multiple imputation model including OA exposure, CVD outcome and demographic variables of age
and sex adequately imputed BMI that performed realistically in estimating the OA-CVD association.
Researchers often face the challenge of unmeasured variable. In imputing a study variable that is
not recorded in a study data, multiple imputation is advantageous over the imputation method based
on population-level proportions.
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