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Information about the geodatabase 

1. Distance-to-hospital variable
This variable codifies the distance between the centroid of a mother’s postal code and the
closest hospital offering obstetrical services. Firstly, the postal code conversion file provided
by Statistics Canada includes a longitude and latitude measure for each postal code. The
location of hospitals was identified using information provided by DMTI Spatial.  ArcGIS 9
was used to plot the locations of these hospitals and determine which postal codes fall within
50km distance categories from the hospital. This classification uses the shortest distance
between the postal codes and hospitals and a manual check was performed using driving
distance using highway networks that recoded postal codes to farther distance categories as
applicable.

2. Rurality variable
The rurality variable was coded using Statistic Canada’s postal code conversion file. Areas
classified as urban core, urban fringe and urban areas outside a Census Metropolitan Area
were classified as urban in our dataset, while areas classified as rural fringe inside a Census
Metropolitan Area or outside a Census Metropolitan area were classified as rural areas.

Modeling information 

1. Adjustment for continuous covariates
To determine whether adjustment for continuous covariates (age and body mass index) 
should be made using a linear term or a flexible function, we examined the bivariate 
relationships between the covariates and the log-odds of each outcome. For non-linear 
relationships, we adjusted for the covariate using a restricted cubic spline (also known as a 
natural spline), which allows for a smooth non-linear relationship between the covariate and 
the outcome where the shape of the function is estimated from the data itself.

Harrell (2001), section 2.4 (1) provides an excellent overview of methods to relax linearity 
assumptions for continuous predictors. Readers interested in a description of restricted cubic 
splines may want to start there. We used the user-written Stata command rc_spline to create 
restricted cubic splines in age and BMI. We specified five knots, which were automatically 
placed at the 0.05, 0.275, 0.5, 0.725, and 0.95 quantiles of each covariate distribution. As 
explained in Harrell (2001), under the setting of restricted cubic splines, the knot placement 
does not affect model fit very much, and the more important feature is the number of knots. 
It is also argued that five knots is sufficient in most models to represent the relationship of 
interest. Thus, we opted for five knots, as our dataset was large and power was not a 
concern. 

2. Multiple Imputation Model: Predictive Mean Matching
Multiple Imputation methods have been recommended as an approach to overcome 
potential biases induced by restricting the final cohort to individuals with observations for all 
variables (2). The approach we used, known as predictive mean matching, is recommended 
when the imputed variable is adjusted for flexibly in the analysis model, as is done with body 
mass index (3). Separate imputation models were used in the study of Objectives 1 and 2 due



to computational constraints. For both imputation models, fifteen imputation datasets were 
created using Stata’s built-in tools. 

In Objective 1, only distance was imputed (as it was the only adjustment variable), using a 
method known as predictive mean matching (4), as a function of all the outcomes studied, 
local health authority and gestational age group (pre-term, term, or post-dates). In Objective 
2, pre-pregnancy maternal weight and height-squared were imputed using predictive mean 
matching. The imputation model included all the study outcomes and adjustment variables, 
as well as health authority and gestational age group. BMI and spline terms were passively 
derived thereafter. 

In our model, BMI and distance had the highest rates of missingness, with substantially 
higher missingness in First Nations women (Table 1 of the manuscript). Missingness in the 
other variables was quite low, although when considering multiple imputation we had 
originally considered imputing for all variables with missingness. However, we encountered 
computational constraints when arriving upon our final model to impute BMI that limited 
our ability to impute other variables in this setting. This discussion is meant to address this, 
as readers may be interested in how we chose our imputation model and why we chose to 
impute only BMI in the analysis for Objective 2 analyses. 

Firstly, readers of the multiple imputation literature will know that all outcomes and all 
model covariates that will be part of the final analysis model should be included in the 
imputation model. Thus, in Objective 2, there are 11 outcome models and 5 covariates to be 
included in the imputation model. The main complexity however is to determine the best 
method to impute BMI given the following setting: 
i) We have both components of weight and height in our dataset, with missing patterns that
are quite different. This implies that the BMI ratio is semi-missing in many individuals.
ii) BMI will be adjusted for flexibly (i.e., using a restricted cubic spline) in some outcome
models and linearly using other outcome models.

 Morris et al. (5) published a paper on using multiple imputation to impute for a ratio 
covariate with a substantive example using BMI. In this paper, the authors describe the 
concept of compatibility between the imputation and analysis models with regards to active 
and passive imputation. Active imputation implies imputing for BMI using the imputation 
model, while passive imputation requires imputing weight and height-squared in a chained 
imputation model and after-the-fact deriving BMI. The active imputation model is said to be 
compatible with the analysis model and passive imputation of BMI is said to be incompatible 
with BMI. Compatible models are often desired as they can be more robust to 
misspecification than incompatible models. Thus imputing BMI using active imputation 
would make sense, but only in the case that it is adjusted for linearly in the analysis model. In 
the case that it is adjusted for flexibly, using splines, this problem of incompatibility arises 
again and when to derive the spline terms (that is, before or after the performance of the 
imputation steps) becomes an issue. 

In another paper (4), Morris et al. introduce multiple imputation by predictive mean 
matching and local residual draws. These models are useful in situations where the analysis 
model contains nonlinear functions of covariates that contain missingness (3). Conceptually, 



predictive mean matching borrows an observed covariate for each imputed covariate, where 
the so-called donor pool specifies a group of individuals that are similar to the individual 
with missingness using a regression approach. Using this method, we can jointly impute 
weight and height-squared and passively derive BMI and the spline terms for BMI thereafter 
to allow flexible modeling of this sometimes missing covariate. The downside however is 
that predictive mean matching is computationally intense, which meant that we could not 
impute the other highly missing covariate, distance, using the same imputation model. Thus, 
for the study of Objective 2 we opted to impute only for BMI. For the study of Objective 1, 
we imputed for distance also using predictive mean matching. Recall for this objective, we 
did not adjust for any other covariates (including BMI), and so imputing only for distance 
allowed us to use nearly all the records. 

Additional Tables/Figures 

Table S1: Age-specific maternal characteristics by First Nations status 
Characteristic Age* First Nations Other
Median pre-pregnancy BMI 
(kg/m2) 

11-20 22.5 21.7

21-30 24.8 22.4
31-40 25.7 22.5
41-50 26.0 22.9

Gestational diabetes 11-20 61/4506=1.35 301/17360=1.73 
21-30 144/3867=3.72 5756/106950=5.11
31-40 62/753=8.23 6515/73969=8.84
41-50 8/22=36.36 442/2991=14.78

Gestational hypertension 11-20 324/4492=7.21 1200/17,234=6.96 
21-30 361/3846=9.39 7.68/111,177=7.68
31-40 91/741=12.28 5925/72,607=8.16
41-50 * 393/2960=13.28

*Data suppressed for all women aged 51+ due to small cell counts. Furthermore, data
supressed for First Nations women aged 41-50 for the same reason.



Table S2: Objective 1 models adjusted for distance: multiple imputation (MI) vs. complete cases analysis (CCA) 
MI findings CCA findings  

Quality Indicator Adjusted Risk 
Difference (95%CI) 

Adjusted Risk 
Difference (95%CI) 

1.a) Group B Streptococcus (GBS) screening at or after term -1.7 (-2.9, -0.6) -0.0 (-1.2, 1.2)
1.b) Use of antibiotics in those GBS positive -0.6 (-2.5, 1.4) -1.0 (-3.1, 1.2)
2. At least four antenatal visits in women with births in the 39th week -3.6 (-4.6, -2.6) -3.8 (-4.8, -2.7)
3. Performance of an early ultrasound -10.2 (-11.3, -9.3) -9.9 (-11.1, -8.8)
4.a) Medical induction in pre-labour (>1 hour) rupture of membranes at term -3.7 (-6.1, -1.3) -3.6 (-6.2, -0.9)
4.b) Medical induction in prolonged (>12 hours) pre-labour rupture of membranes at
term

-4.9 (-8.9, -0.9) -4.3 (-8.7, 0.0)

4.c) Medical induction in prolonged (>24 hours) pre-labour rupture of membranes at
term

-5.9 (-11.8, 0.1) -5.6 (-11.9, 0.8)

5.a) Medical induction in women reaching post-dates -10.6 (-13.8, -7.5) -11.0 (-14.5, -7.6)
5.b) Induction in women reaching post-dates in women with early ultrasound -6.3 (-11.1, -1.4) -7.0 (-12.2, -1.7)
5.c) Induction in women reaching post-dates in women without early ultrasound -12.1 (-16.3, -8.0) -12.3 (-16.9, -7.8)
6. Timing of planned caesarean delivery for breech presentation 1.04 (0.68, 1.60) 2.2 (-9.0, 13.5) 

The multiple imputation results are the same as those included in Table 2 of the manuscript and are copied here to ease comparison with 
the complete case analysis. The grey-shaded rows highlights results where the model effect estimates slightly diverge and may suggest 
different interpretations. In the case of GBS screening, after adjustment for distance, the multiply imputed effect estimate is 1.7 percentage 
points, which can be considered to be too small to be a clinically relevant difference between groups. Thus, from this perspective, the 
models can be considered to not suggest very different findings. For the model of the proportion of planned caesareans at/after term, the 
complete case analysis offers a much less precise estimate. This model’s precision was affected by the loss of data because there were very 
few First Nations women who had a planned caesarean delivery for a breech fetus. The magnitudes of the effect estimates are quite similar 
however 



Table S3: Objective 2 adjusted models: multiple imputation (MI) vs. complete cases analysis (CCA) 

MI findings CCA findings 
Adjustment for 

maternal 
characteristics* 

+ adjustment for
distance

Adjustment for 
maternal 

characteristics* 

+ adjustment
for distance

Obstetrical Intervention Risk Difference 
(95%CI) 

Risk Difference 
(95%CI) 

Risk 
Difference 
(95%CI) 

Risk 
Difference 
(95%CI) 

1.a) Pain management using entonox -0.2 (-1.4, 1.0) 2.1 (0.9, 3.4) 0.1 (-1.4, 1.6) 2.2 (0.6, 3.9) 
1.b) Pain management using epidural -5.2 (-6.3, -4.0) -2.8 (-4.1, -1.6) -5.3 (-6.9, -3.9) -3.7 (-5.3, -2.0)
2. Labour induction -5.9 (-7.3, -4.5) -5.9 (-7.4, -4.5) -6.0 (-7.7, -4.3) -6.2 (-8.0, -4.3)
3.a) Labour augmentation by artificial rupture of membranes 2.9 (1.9, 4.0) 3.2 (2.0, 4.3) 2.3 (1.0, 3.7) 2.6 (1.1, 4.0) 
3.b) Labour augmentation using oxytocin -1.1 (-2.1, 0.00) 0.0 (-1.2, 1.1) -1.3 (-2.6, 0.1) -0.7 (-2.2, 0.8)
4.a) Instrumental vaginal delivery using forceps -2.7 (-3.3, -2.2) -2.2 (-2.9, -1.5) -2.6 (-3.4, -1.8) -2.1 (-3.0, -1.2)
4.b) Instrumental vaginal delivery using vacuum -1.4 (-2.1, -0.6) -1.6 (-2.4, -0.9) -2.5 (-3.4, -1.6) -2.8 (-3.7, -1.8)
5.a) Caesarean delivery (any indication) -1.3 (-2.3, -0.2) -1.8 (-3.0, -0.7) -0.5 (-1.9, 0.9) -0.9 (-2.5, 0.6)
5.b) Caesarean delivery for dystocia -0.2 (-0.9, 0.6) -0.4 (-1.2, 0.3) -0.0 (-1.0, 0.9) -0.4 (-1.5, 0.7)
5.c) Caesarean delivery for non-reassuring fetal monitoring -1.0 (-1.5, -0.4) -0.7 (-1.4, -0.1) -0.5 (-1.2, 0.3) -0.1 (-1.0, 0.7)
5.d) Elective caesarean delivery -1.1 (-1.6, -0.6) -1.1 (-1.6, -0.6) -1.0 (-1.6, -0.5) -1.0 (-1.7, -0.4)

The multiple imputation results are the same as those included in Table 3 of the manuscript and are copied here to ease comparison with 
the complete case analysis. Overall, the results generally agree, although the highlighted rows show that the complete case analysis did not 
find a statistically significant difference in the amount of overall caesarean delivery and caesarean performed for non-reassuring fetal 
monitoring, while the analysis after multiple imputation did estimate a statistically significant finding.  
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