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Risk prediction is a critical tool in preventive medicine, enabling precision prevention for dis-

eases. Electronic health record (EHR) data offers a rich source for constructing risk models,

capturing detailed clinical information from patient cohorts. However, missing data poses

a prevalent challenge in EHR analysis, and multiple imputation (MI) is a popular strategy

for handling missing data. In this thesis, we employed simulations to compare different MI

methods (parametric MI, MI using Random Forest, MI using Gradient Boosting Machines

and MI using Principal Component Analysis) within the context of risk prediction model-

ing. Our investigation focused on evaluating predictive performance, encompassing measures

of predictive accuracy and precision, for risk prediction models developed and assessed in

datasets processed with various MI strategies. Furthermore, we explored two facets: (1) the

impacts of including or omitting the outcome variable during MI, and (2) the impacts of

model misspecification of higher-order effects during MI. We also used breast surveillance

mammogram examination data from breast cancer survivors in the Breast Cancer Surveil-

lance Consortium (BCSC) as the input for part of the bootstrapping and data illustration

complementary to the simulation study. Our results revealed that the adoption of machine

learning-based imputation methods did not lead to superior model performance compared to

traditional parametric imputation. We recommend against including the outcome variable in



the imputation model for the test set since it may raise concerns of over-optimistic predictive

performance. Although it is not the focus of this thesis, we also recommend being cautious of

using Random Forest as the risk prediction model for similar prediction modeling settings.
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Chapter 1

INTRODUCTION

Risk prediction plays a crucial role in preventive medicine as it is an essential tool for

risk-based precision prevention for diseases. Electronic health record (EHR) data emerges

as a powerful and valuable source for building risk models since EHRs contain detailed

clinical information collected from patient cohorts, reflecting the characteristics of the general

population. However, missing data is a ubiquitous issue that researchers often encounter

while analyzing data in particular EHRs. Missing data can occur in EHRs due to various

reasons such as (1) non-response from a survey (e.g. family history of diseases), and (2)

various levels of data ascertainment from different data sources. Based on different causes

of missing data, Rubin [35] described three missing data mechanisms: missing completely

at random (MCAR), missing at random (MAR), and missing not at random (MNAR).

Missing data are MCAR if whether a value is missing is unrelated to both the observed and

unobserved values. This means that the missingness can be safely ignored in the analysis, and

the complete-case analysis would be unbiased. Nevertheless, MCAR is a strong assumption

that is often unrealistic in practice, and it can be difficult to verify its validity. Missing

data are MAR if whether a value is missing depends on the set of observed responses but is

unrelated to the missing values. This means that the missingness is not random, but it can be

accounted for in the analysis by including the observed data in the modeling. For example, if

the missingness of a variable is related to another observed variable, including that variable

in the analysis can account for the missingness and reduce bias. Missing data are MNAR in

scenarios where the probability of missingness depends on both the observed and unobserved

data and cannot be predicted by the observed data alone. This means that the missingness

is not random and cannot be accounted for in the analysis by including the observed data.
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MNAR is the most challenging mechanism to deal with, as it is often impossible to know the

reasons for the missingness or to predict the missing values. Therefore, understanding the

mechanisms of missingness is essential for handling missing data in the analysis. Ignoring or

misinterpreting the mechanism of missingness can lead to biased and invalid results [14].

There are various strategies for handling missing data depending on the missing mech-

anism. One of the most common approaches is to exclude observations with missing data

(listwise deletion), which can be a straightforward solution but may reduce the sample size

and potentially introduce selection bias [11]. Another approach is to use imputation tech-

niques to estimate the missing values based on the observed data. Imputation methods can

be classified as single imputation (SI) and multiple imputation (MI). SI involves replacing

each missing value with a single estimated value, such as the mean/median/mode of the

observed data, or a predicted value based on a regression model [15]. However, SI does not

reflect the uncertainty about the imputed values and can lead into biased estimates even

if data are MCAR [25]. In contrast, MI [30] involves creating multiple complete datasets,

each with different imputed values based on plausible statistical models. MI provides more

accurate and reliable estimates of the missing values and allows for valid statistical inference.

MI had been first worked on by Rubin [36], and most of the applications have been on solving

missing data problems using parametric imputation methods such as regression imputation.

MI estimates the missing values m times conditional on the observed values, with each time

incorporating a random variation to account for uncertainty about the missing values. Ul-

timately, we could obtain m completed datasets with the same observed data but different

imputed missing data. Multiple imputation by chained equations (MICE), also called “Fully

Conditional Specification”, is a commonly used technique in MI [47]. It imputes missing cells

in variables in a dataset through repeated steps of an iterative series of predictive models. In

each iteration cycle, each specific variable in the data set is imputed based on a distribution

conditional on other variables. MICE provides a lot of flexibility in the sense that the model

to impute each variable doesn’t have to be parametric. Semi-parametric, non-parametric and

machine-learning methods can also be used to estimate the missing values [54, 42, 13, 28].
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Compared to parametric methods, non-parametric and machine-learning approaches could

favorably provide more flexibility in their formulation [6] and can be powerful when adequate

training samples are provided. If there are complex relations among variables, using the pop-

ular R package mice [46] with default settings would produce unsatisfactory results unless

users had manually specified any potential non-linear or interaction effects in the imputation

model for each incomplete variable. Stekhoven and Bühlmann [42] proposed and imple-

mented the R package missForest for predicting missing values using the Random Forest

algorithm. missForest has shown high imputation accuracy with various missing rates[51].

Solaro et al. also [41] conducted an extensive simulated investigation under SI setting to

compare the imputation accuracy of three different non-parametric methods in the presence

of multiple missing data patterns. Moreover, some works have been done [37, 23] in compar-

ing the bias and precision of model parameters obtained using Random Forest-based MI and

parametric MI by simulation studies. It shows that the Random Forest method led to less

biased parameter estimates and better confidence interval coverage when there are nonlinear

effects or interactions among the variables. However, to our knowledge, a systematic investi-

gation comparing the predictive performance of risk prediction models built using parametric

MI and MI approaches leveraging non-parametric and machine learning techniques is still

lacking.

In the context of building regression or prediction models, another factor that may impact

the imputation approach is the inclusion of the outcome variable in the imputation process.

Moons et al. [32] conducted simulations and showed that regression coefficients based on

MI including the outcome variable were close to the ground truth, while MI without the

outcome variable yielded biased coefficients. In the context of risk prediction, Sisk et al. [38]

found that SI consistently led to models with better predictive accuracy when the outcome

is omitted from the imputation. However, this is because the inclusion of the outcome in

the imputation model artificially strengthens the relationship between the predictors and the

outcome [1]. MI can overcome this issue by introducing randomness during imputation.

In this work, we conducted extensive simulations to compare different MI methods that
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use non-parametric and machine learning techniques including Random Forest, Gradient

Boosting Machines as well as Principal Component Analysis to the parametric imputation

method (regression imputation) in the context of risk prediction modeling. Specifically, we

investigated the predictive performance, including predictive accuracy and precision, of risk

prediction models developed and evaluated in datasets processed with various MI approaches.

In addition, we investigated (1) the impacts of including and removing the outcome variable

during MI, and (2) the impacts of model misspecification of higher-order effects during

MI. To reflect the complexity of real-world data, we used breast surveillance mammogram

examination data from breast cancer survivors in the Breast Cancer Surveillance Consortium

(BCSC) as the input for part of the bootstrapping and data illustration complementary to

the simulation study.
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Chapter 2

METHODS

2.1 Multiple imputation approaches

MI is one of the imputation approaches to handle missing data that involves creating multiple

imputed data sets and estimating the parameters of interest for each imputed data set

separately, before pooling the results using Rubin’s rules to produce a final estimate that

incorporates the uncertainty in the imputation process. The multiple imputation procedure

can be generally summarized as following steps (Figure 2.1):

1. Identify the variables with missing data and the mechanism of missingness.

2. Create m (typically 1 imputation for every 1% missingness) imputed datasets by replac-

ing the missing values with plausible values, based on a statistical model that reflects

the relationship between the missing data and other observed data.

3. Fit the prediction model of interest to each imputed dataset separately. The model per-

formance metrics and their standard errors are estimated separately for each imputed

dataset.

4. Combine the results from the m imputed datasets using Rubin’s rules.

Below we introduced various statistical approaches that can be considered in Step 2

above.

2.1.1 Multiple imputation using regression

The regression model used for MI can take various forms, such as linear regression, logistic

regression, or generalized linear models, depending on the type of variable being imputed
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Figure 2.1: Procedure for Multiple Imputation

and the distributional assumptions of the data. The model may also include interactions,

polynomial terms, or other nonlinear transformations to capture more complex relationships

between the variables. The process involves fitting a regression model on each variable with

missing data, using the other variables as predictors, and then generating multiple imputed

data sets by randomly sampling plausible values from the fitted conditional distribution.

Multiple imputation using regression is typically more straightforward to implement and

may be more appropriate when the relationships among variables are well understood and can

be accurately specified. However, one main challenge in real-world practice is to determine

which variables to include and which interactions to consider in the imputation model. Model

misspecification may lead to biased coefficient estimates and impact downstream predictive

performance of a risk prediction model.

There are several R packages available to implement multiple imputation using regres-

sion. For example, the mice package provides a comprehensive set of tools for implementing

multiple imputation using various imputation models, including regression-based imputation.

2.1.2 Multiple imputation using random forest

Bagging, also known as bootstrap aggregation, is an ensemble technique in which we fit

a decision tree on different bootstrap samples of the training dataset. One example of
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bagging ensemble is the random forest model. Random forest (RF), as its name implies,

consists of a large number of independent decision trees that operate as an ensemble. The

algorithm involves randomly selecting a subset of the predictor variables at each split and

fitting multiple decision trees to the data, and then combining the results from individual

trees to obtain a final prediction. The RF algorithm is particularly useful for handling high-

dimensional data and nonlinear relationships between variables. In the context of MI, the

algorithm is used to predict the missing values of a specified variable based on the observed

and imputed values of other variables as the predictors.

There are several existing R packages that could perform multiple imputation using

random forests, including missForest, mice, and CALIBERrfimpute, etc.

2.1.3 Multiple imputation using gradient boosting

Boosting is an ensemble technique in which the decision trees are not built independently,

but sequentially. This technique employs the logic in which the subsequent models learn

from the mistakes of the previous trees. The predictors can be chosen from a range of

models like decision trees, regressors, classifiers, etc. Because new models are learning from

mistakes committed by previous trees, it takes less time/iterations to reach close to actual

predictions than bagging. However, one has to carefully choose the stopping criteria to avoid

overfitting on training data. Belonging to boosting algorithms, gradient boosting [18] is

one of the machine learning algorithms for regression as well as classification, which provides

robust, reliable, and sufficiently accurate prediction in engineering applications[33]. Gradient

boosting machines combine the predictions from multiple sequential models to create a strong

model. The algorithm iteratively trains weak models on the error residuals of the previous

models, and then combines their predictions by weighting them according to their individual

performance. The procedures of Friedman’s algorithm (for regression) are as follows [21]:

1. Initialize a prediction function: f0(x) = argminγ

∑N
i=1 L(yi, γ)

2. For m = 1 to M:
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(a) For i = 1, 2, . . . , N , compute the negative gradient:

rim = −[
∂L(yi, f(xi)))

f(xi)
]f=fm−1

(b) Train a weak model on the residuals: fit a regression tree to the targets rim giving

termial regions Rjm, j = 1, 2, . . . , Jm

(c) For j = 1, 2, . . . , Jm, compute

γjm = argminγ

∑
xi∈Rjm

L(yi, fm−1(xi) + γ)

(d) Then update the prediction function by adding the weighted predictions of the

weak model to the current prediction function: fm(x) = fm−1(x)+
∑Jm

j=1 γjmI(x ∈

Rjm)

3. The final prediction function is the sum of all the weak models’ weighted predictions:

f̂(x) = fM(x)

XGBoost [9], which stands for Extreme Gradient Boosting, is a scalable, distributed

gradient-boosted decision tree machine learning library, extending the basic gradient boost-

ing algorithm proposed by Friedman. It improves the performance of the original algorithm

by incorporating several enhancements such as regularization, parallel processing, and effi-

cient memory usage. XGBoost is also able to maintain complex relationships observed in

the data, such as interactions and non-linear relationships. Deng and Lumley [13] proposed

a scalable multiple imputation framework mixgb, which offers a scalable solution for imput-

ing large datasets using XGBoost, bootstrapping, and predictive mean matching. mixgb is

built under Fully Conditional Specification, where XGBoost imputation models are built for

each incomplete variable. XGBoost is limited to the given data, so it often underestimates

the variance of imputed data. In this case, Predictive Mean Matching (PMM) could be

applied [31], which randomly selects one of the nearest observed data points to each im-

puted value and replaces an imputed value with an observed data point so that to ensure
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that the introduced variance will have the same structure as the variance in the population.

mixgb can automatically handle different types of variables. Categorical variables do not

need to be encoded by users themselves. Users can also choose different settings regarding

bootstrapping and the types of PMM to enhance imputation performance. In this study,

we specified bootstrap = FALSE to avoid bootstrapping for MI and pmm.type = "auto"

to allow imputations with PMM for numeric variables and without PMM for categorical

variables.

2.1.4 Multiple imputation using principal component analysis

Given n observations of p random variables denoted as X (n × p), principal component

analysis (PCA) consists of finding a matrix X̂ with rank S which minimizes the least squares

criterion ||X̂ −X||2 with || · || the Frobenius norm. The solution could be obtained by using

the singular value decomposition (SV D) of the matrix X as UDV T [21] where U is an n×S

orthogonal matrix (UTU = Ip) whose columns uj are called the left singular vectors; V is a

p× S orthogonal matrix (V TV = Ip) with columns vj called the right singular vectors; D is

a S × S diagonal matrix, with diagonal elements d1 ≥ d2 ≥ . . . ≥ ds ≥ 0 known as singular

values. The columns UD are called the principal components of X. The expression of the

general term of X is given by:

xij = x̃ij + εij, εij ∼ N(0, σ2) (2.1)

=
S∑

s=1

x̃
(s)
ij + εij (2.2)

=
S∑

s=1

√
dsuisvjs + εij (2.3)

where the estimate of σ2 corresponds to dividing the sum of the squared residuals by

the number of entries minus the number of independent model parameters [8]. Point es-

timate would be X̂PCA
ij =

∑S
s=1

√
dsuisvjs. Instead of the classical PCA estimator, us-
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ing a regularized PCA is more suggested [34]. The regularized PCA solution would be

X̂rPCA
ij =

∑S
s=1 Φ̂s

√
dsuisvjs, where Φ̂s =

ds− np
min(n−1,p)

σ̂2

ds
, for all s from 1 to S.

Josse and Husson [27] proposed a method of single imputation based on a PCA model.

Audigier et al. [3] extended it to multiple imputation and incorporated the uncertainty

in estimating parameters of the PCA imputation model using a Bayesian approach. In

their method, they included a data augmentation algorithm which can be straightforwardly

used to get multiple imputed data sets as described below. Given X̂ and the estimate

of σ2, one can impute the missing values xij by a draw from the predictive distribution

N(X̂rPCA
ij ,

σ̂2
∑S

s=1 Φs

min(n−1,p)
).

There are several functions in the missMDA package that can perform MI. Specifically,

MIPCA can be used in continuous variables, MIMCA is used to deal with categorical variables

while MIFAMD is useful for both continuous and categorical variables. If there are only contin-

uous variables, MIPCA is used to generate nboot imputed datasets from a PCA model. The

observed values remain the same from one imputed data set to another while the imputed

values change. By default, MIPCA uses the parametric bootstrap (method.mi="Boot"). To

perform MI using a Bayesian treatment as described above, we may specify the argument

method.mi="Bayes".

2.2 Multiple imputation of interaction and non-linear terms

Practically, additional knowledge about derived data (e.g. interaction or non-linear terms)

is often present but not explicitly modeled. If such relationships are not specified, the

imputation model may produce inconsistent imputations. There are several approaches to

imputing interaction and non-linear terms in the imputation model.

2.2.1 Just Another Variable

The Just Another Variable (JAV) approach [52] or called ”Transform, then impute” is a

method used in statistical analysis to impute non-linear terms of a predictor or interaction

terms between two or more variables. In this approach, the higher-order term is created
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by adding a new variable to the model that represents the non-linear transformation of a

variable or the product of the original predictor variables. This new variable is then treated

as any other predictor variable in the model. Simulation studies have shown that under the

assumption of multivariate normality, the unconstrained JAV approach has good coverage

properties for the case when the interaction is the product of two continuous variables [49].

2.2.2 Passive imputation

Passive imputation is another approach in handling higher-order terms during imputation.

The method involves first imputing the original variable(s) and then deriving the higher-order

term directly from the corresponding variable(s). This approach preserves the relationship

between the original variable(s) and the higher-order terms.

2.2.3 Substantive model compatible fully conditional specification

The Substantive Model Compatible Fully Conditional Specification (smcfcs) method [5] is

a multiple imputation method that ensures that each partially observed variable is imputed

from an imputation model which is compatible with a user-specified model for the outcome

(which is typically the substantive model of interest). The smcfcs involves specifying a sub-

stantive model that includes the interaction terms of interest, along with any other relevant

variables and covariates.

2.3 Performance evaluation

Risk models built and evaluated based on the four MI approaches were first compared based

on the measure of calibration. Calibration refers to the agreement between observed out-

comes and predictions [22] and evaluation of calibration is important if model predictions are

used to inform patients or physicians to make decisions [44]. We assessed calibration using:

1. Expected-to-observed event ratio (E/O ratio): it is a metric that compares the number

of expected events with the number of observed events. A perfect model would have an
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E/O ratio of 1, indicating that the model’s predictions match the observed outcomes

exactly. A well-calibrated model has the 95% confidence interval for the E/O ratio

overlapping 1.

2. Cox calibration intercept: it measures the extent to which the model over- or underes-

timates the probability of an event occurring. A perfect model would have an intercept

of 0, indicating that the model’s predictions are unbiased. A well-calibrated model has

the 95% confidence interval for the calibration intercept overlapping 0.

3. Cox calibration slope: it measures the relationship between the predicted probabili-

ties and the actual probabilities of events occurring. A slope of 1 indicates a perfect

calibration, while values less than or greater than 1 indicate over- or underfitting, re-

spectively. A well-calibrated model has the 95% confidence interval for the calibration

slope overlapping 1.

Second, the discriminatory accuracy of the risk models built and evaluated based on the

four MI approaches was compared via the area under the receiver operating characteristic

curve (AUC). The standard error for each performance metric was also reported.
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Chapter 3

SIMULATION STUDIES

We conducted data simulations consisting of four different steps. Firstly, complete data

sets were generated based on different scenarios (low/high dimensional, rates of the outcome,

numbers of observations, etc.). Then, we applied several amputation mechanisms to induce

missing values in the complete data sets. Thirdly, different imputation methods described

in the Method section were utilized to fill in the missing values of the simulated incomplete

data sets. Finally, we built prediction models using the imputed data sets and compared the

predictive performance of these risk prediction models. We repeated the above process 100

times.

3.1 Data generation

We created simulated data sets with different rates of outcome to compare the performance

of methods. We generated 100 simulated data sets of N observations for each scenario where

the dependent variable Y was binary.

3.1.1 Low dimensional data sets

The low dimensional datasets consist of 6 mix-type predictors. Independent variables were

generated from each of the six distributions (Figure 3.1):

1. X1 ∼ Normal(2.5, 1.2)

2. X2 ∼ Normal(5.7, 2.5)

3. X3 ∼ Gamma(2.8, 3.5)
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4. X4 ∼ Normal(2.2, 1.5)

5. X5 ∼ Categorical (3, 0.8, 0.1, 0.1)

6. X6 ∼ Binom(1, 0.9)

Figure 3.1: Distributions for simulated independent variables

We then generate the binary outcome variable using a logistic regression model as below.
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logit(p) = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5.21(X5 = 2) + β5.31(X5 = 3) + β6.21(X6 = 2)

(3.1)

We tried different values of β0 and the number of observations (N) for different rates of the

outcome. The clinical setting is often characterized by rare events, which can make it difficult

but valuable to predict and simulate such events. We simulated data sets with rates of the

outcome as 10% as well as the more rare case, 6%, to mimic the real clinical settings. We set

β0 = −5.10 and N = 9000 so that the probability of Y = 1 is p = 0.06; we also set β0 = −4.40

and N = 7500 so that the probability of Y = 1 is p = 0.10. We always set the other

coefficients as β1 = 0.23, β2 = 0.09, β3 = 0.15, β4 = 0.45, β5.2 = 0.20, β5.3 = 0.77, β6.2 = 0.07.

3.1.2 Low dimensional data sets with interactions

To assess the impact of model misspecification in MI, we also created 100 simulated data

sets to compare the performance of methods when there were interaction terms between

predictors in their associations to the outcome. Using the same distributions of independent

variables above, we built a logistic regression model:

logit(p) = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5.21(X5 = 2) + β5.31(X5 = 3) + β6.21(X6 = 2)

(3.2)

+ β7X7, where X7 = X2X3 (3.3)

We set β0 = −6.40 and N = 5000 so that the probability of Y = 1 is p = 0.06; we also

set β0 = −5.70 and N = 7500 so that the probability of Y = 1 is p = 0.10.

3.1.3 High dimensional data set

In general, clinical prediction models may have anywhere from a few predictors to dozens

or even hundreds of predictors. Some models may only include a few important variables
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that have been shown to be strongly associated with the outcome of interest, while other

models may incorporate a larger number of variables to capture more nuanced relationships

and potential confounding factors. In the previous scenarios, we only included six predictors

in simulated dataset, which may not reflect real-world data in a clinical setting. To present

a more challenging scenario, we also simulated a relatively high-dimensional data set with

64 predictors. We used the R package pensim [19, 50] to simulate predictors with a specified

correlation structure.

We simulated 64 variables forming four different groups. Variables from different groups

are independent. The first 20 variables (group ”a”) are uncorrelated, and the binary outcome

is associated with only the first variable in the group ”a” with a coefficient of 0.5. The next

16 variables (group ”b”) have a correlation of 0.7 to each other variable in that group, and the

binary outcome is associated with only the first variable in the group ”b” with a coefficient

of 0.6. The next 8 variables (group ”c”) have a correlation of 0.7 to each other variable in

that group, and the binary outcome is associated with the first variable in the group ”c”

with a coefficient of 0.3; The final 20 variables (group ”d”) are uncorrelated with each other

but are all associated with the binary outcome with a coefficient of 0.2. Binary outcomes for

N = 3000 samples are simulated as a Bernoulli distribution. We set the intercept as −2.40

such that the probability of Y = 1 (p) is roughly 0.10.

3.2 Data amputation

MI can handle both MCAR and MAR. In our simulation studies, we induced missing values

in our data sets based on the MAR assumption.

Specifically, for the low dimensional data sets, we set the probability of X2, X3 being

missing to 30%, while we also introduced 18% missing observations in X4, X5, X6 (Figure

3.2). For the high dimensional data set, we induced 10% missing observations in each of

the first 10 variables (X1, X2, . . . , X10), 20% missing observations in the combination of

X30, X31, . . . , X45. For the low dimensional data sets with interactions, we did not generate

missing values for the interaction term X7 on purpose, but it would also have missing obser-
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Table 3.1: The specific relationships among the variables in each scenario

Scenarios Models
Rates of

outcome (p)

Numbers of

observations

Low dimensional
logit(p) = −5.10 + 0.23X1 + 0.09X2−

0.15X3 + 0.45X4 + 0.201(X5 = 2)+

0.771(X5 = 3) + 0.071(X6 = 2)

0.06 9000

Low dimensional
logit(p) = −4.40 + 0.23X1 + 0.09X2−

0.15X3 + 0.45X4 + 0.201(X5 = 2)+

0.771(X5 = 3) + 0.071(X6 = 2)

0.10 7500

Low dimensional

with interactions

logit(p) = −6.40 + 0.23X1 + 0.09X2−

0.15X3 + 0.45X4 + 0.201(X5 = 2)+

0.771(X5 = 3) + 0.071(X6 = 2)+

0.22X7, where X7 = X2X3

0.06 5000

Low dimensional

with interactions

logit(p) = −5.70 + 0.23X1 + 0.09X2−

0.15X3 + 0.45X4 + 0.201(X5 = 2)+

0.771(X5 = 3) + 0.071(X6 = 2)+

0.22X7, where X7 = X2X3

0.10 7500

High dimensional*
logit(p) = −2.40 + a1X1 + a2X2 + . . .+

a20X20 + b1X21 + b2X22 + . . .+ b16X36+

c1X37 + c2X38 + . . .+ c8X44 + d1X45+

d2X46 + . . .+ d20X64

0.10 3000

* High dimensional simulated data set includes four groups of independent variables (group ”a”

- ”d”). We specified correlation between variables within each group as well as associations with

the outcome variable.
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vations because of missing in X2 and X3. For each amputated data set, we randomly split

the data into 80% and 20% for training and testing sets.

Figure 3.2: Proportions and patterns of missing data in low dimensional data sets with the rate of

outcome = 0.1

3.3 Data imputation

For each amputated data set, the missing values were imputed 5 times in the training and test

sets separately using four different methods: Parametric MI (MIpara), MI using random for-
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est (MIRF), MI using gradient boosting (MIGB) and MI using principal component analysis

(MIPCA). We used R package mice to conduct MIpara and MIRF (For MIRF, we specified

meth = "rf"). We used R package mixgb to conduct MIGB. We firstly applied function

mixgb cv to tune the number of boosting rounds nrounds, and then applied the function

mixgb with the optimal nrounds. We used R package missMDA to conduct MIPCA. We

used MIPCA when there were only continuous variables in the imputation model and MIFAMD

when there were both continuous and categorical variables. We applied estim ncpPCA or

estim ncpFAMD to tune the number of components ncp by cross-validation, and then used

the optimal ncp to perform MI. For each method, to explore the impacts of incorporating the

outcome variable during MI, we imputed the missing values in three different scenarios: (1)

included outcome variable in both training and test sets during MI (with y); (2) included

outcome variable in training set only during MI (hybrid); (3) omitted outcome variable in

both training and test sets during MI (no y). Moreover, for MIpara, we also compared the

three different approaches (JAV, passive imputation and smcfcs) in imputing the interaction

terms. In addition, we aimed to investigate the impact of model misspecification for MI using

regression: (1) if the original complete data set did not have any interaction between the

covariables, whether imputing unnecessary interaction terms would affect the performance

of the prediction model; AND (2) if the original complete data set had an interaction be-

tween the predictors, whether not imputing the known interaction terms would affect the

performance of the prediction model. Specifically, smcfcs was only conducted for with y

since the outcome variable is required to be specified during MI.

Overall, we conducted a two-layer comparison for the MI using regression and a single-

layer comparison for each of the machine learning-based methods (See Figure 3.3 and 3.4).

3.4 Model fitting

We conducted predictive modeling on each of the imputed data sets and stored models. For

the low dimensional data sets, Logistic Regression was applied to each imputed data set

by regressing the binary outcome variable on the 6 predictors. For the high dimensional
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Figure 3.3: Two-layer comparison within the method of MI using regression

data sets, Ridge Regression and Random Forest were performed and compared instead.

Specifically, we fitted the models on the training sets and evaluated their performance (first

calibration and then discrimination) on the test sets. To derive the final values of evaluation

metrics, we generated these metrics across all 5 imputations and then combined them using

Rubin’s rule. We constructed 95% confidence intervals (CIs) in the testing sets via 100

simulations.

For Ridge Regression, we used the function cv.glmnet in the R package glmnet to per-

form 5-fold cross-validation for tuning parameter selection. For Random Forest, we utilized
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Figure 3.4: Single-layer comparison within each of the machine-learning methods

the caret package to help us select two tuning parameters: mtry (the number of variables

to randomly sampled at each split) and ntree (the number of trees to build in the Random

Forest model). For mtry, we tried 0.5
√
p,

√
p, 2

√
p where p refers to the number of predictors

in the model; for ntree, we considered 500, 1000 and 1500. A 5-fold CV was used for tuning

parameter selection.

3.5 Results

3.5.1 Calibration

For low dimensional setting where the rate of outcome was 6%, all MI approaches showed

that the 95% CI for E/O ratios and calibration intercepts overlapped 1 and 0, respectively

(Figure 3.5a, 3.6a), indicating no systematic biases. Moreover, all MI approaches under the

hybrid scenario had calibration slopes (Figure 3.7a) significantly less than 1 (MIpara: 0.79
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(95% CI: [0.77, 0.81]); MIRF: 0.84 (95% CI: [0.82, 0.86]); MIGB: 0.81 (95% CI: [0.79, 0.83]);

MIPCA: 0.78 (95% CI: [0.76, 0.80])), suggesting overfitting. All MI approaches (either under

with y scenario or no y scenario) showed calibration slopes close to 1.

We got similar results for low dimensional setting where the rate of outcome was 10%. All

MI approaches showed that the 95% CI for E/O ratios and calibration intercepts overlapped

1 and 0 respectively (Figure 3.5b, 3.6b), indicating no systematic biases. All MI approaches

under the hybrid scenario had calibration slopes (Figure 3.7b) significantly less than 1

(MIpara: 0.78 (95% CI: [0.76, 0.80]); MIRF: 0.83 (95% CI: [0.81, 0.85]); MIGB: 0.80

(95% CI: [0.78, 0.82]); MIPCA: 0.78 (95% CI: [0.76, 0.80])), suggesting overfitting. All MI

approaches (either under with y scenario or no y scenario) showed calibration slopes close

to 1.

For low dimensional setting with interactions where the rate of outcome was 6%, all MI

approaches showed that the 95% CI for E/O ratios and calibration intercepts overlapped 1

and 0 respectively (Figure 3.5c, 3.6c), indicating no systematic biases. All MI approaches

under the hybrid scenario had calibration slopes (Figure 3.7c) significantly less than 1

(MIpara: 0.66 (95% CI: [0.64, 0.68]); MIRF: 0.72 (95% CI: [0.70, 0.74]); MIGB: 0.71

(95% CI: [0.69, 0.73]); MIPCA: 0.61 (95% CI: [0.59, 0.63])), suggesting overfitting. All MI

approaches (either under with y scenario or no y scenario) showed calibration slopes close

to 1.

For low dimensional setting with interactions where the rate of outcome was 10%, all

MI approaches under the hybrid scenario showed that the 95% CI for E/O ratios and

calibration intercepts overlapped 1 and 0 respectively (Figure 3.5d, 3.6d), indicating no

systematic biases. All MI approaches under the hybrid scenario had calibration slopes

(Figure 3.7d) significantly less than 1 (MIpara: 0.67 (95% CI: [0.65, 0.69]); MIRF: 0.73

(95% CI: [0.71, 0.75]); MIGB: 0.70 (95% CI: [0.68, 0.72]); MIPCA: 0.66 (95% CI: [0.64,

0.68])), suggesting overfitting. All MI approaches (either under with y scenario or no y

scenario) showed calibration slopes close to 1.

For high dimensional setting when the fitted model was ridge regression, all MI approaches
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demonstrated that the 95% CI for E/O ratios and calibration intercepts overlapped 1 and

0 respectively (Figure 3.5e, 3.6e), indicating no systematic biases. All approaches had cal-

ibration slopes (Figure 3.7e) overlapping 1, suggesting no under/overfitting. When using

Random Forest to fit the risk prediction model (Figure 3.5f, 3.6f, 3.7f), all MI approaches

had E/O ratios significantly greater than 1 and calibration intercepts significantly less than

1, indicating overestimation; all MI approaches showed overfitting as their calibration slopes

were significantly less than 1 (range: 0.86 - 0.90).

3.5.2 Discrimination

For low dimensional settings, all MI approaches had similar AUCs under no y scenarios and

hybrid scenarios, except for MIPCA. MIPCA under the hybrid scenario had slightly lower

AUCs than the no y scenario. However, approaches under with y scenarios led to higher

AUCs. For the MIPCA, the AUCs under the with y scenario were even substantially higher

than that using complete dataset. For example, for low dimensional setting where the rate

of outcome was 6%, the AUC (Figure 3.8a) of model fitted using complete data was 0.71

(95% CI: [0.70 - 0.72]), whereas the AUC using MIPCA approach under the with y scenario

was 0.73 (95% CI: [0.72 - 0.74]).

For high dimensional settings (Figure 3.8e, 3.8f), the model fitted using the Ridge Re-

gression had overall higher AUCs than the model fitted using the Random Forest. MIpara,

MIRF and MIGB had higher AUCs under with y scenarios than no y scenarios; while the

AUCs for the hybrid scenario were between them. For the MIPCA approach, we could not

observe substantial differences between those three scenarios (no y, hybrid or with y).

3.5.3 Impact of imputing interaction terms

For low dimensional settings without interaction terms in the underlying model, we didn’t

observe meaningful differences in model performance between imputing interaction terms

during MI and not imputing interaction terms during MI for all scenarios (with y, hybrid
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(a) Low dimensional (Rate of outcome: 6%)

(b) Low dimensional (Rate of outcome: 10%)
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(c) Low dimensional with interactions (Rate of outcome: 6%)

(d) Low dimensional with interactions (Rate of outcome: 10%)
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(e) High dimensional fitted with ridge regression (Rate of outcome: 10%)
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(f) High dimensional fitted with Random Forest (Rate of outcome: 10%)

Figure 3.5: Expected to observed events ratio (E/O ratio) as well as the corresponding 95% CI for

fitted models under different simulation scenarios. The dashed vertical lines showed the ideal value

for E/O ratio (1).
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(a) Low dimensional (Rate of outcome: 6%)

(b) Low dimensional (Rate of outcome: 10%)
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(c) Low dimensional with interactions (Rate of outcome: 6%)

(d) Low dimensional with interactions (Rate of outcome: 10%)
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(e) High dimensional fitted with ridge regression (Rate of outcome: 10%)
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(f) High dimensional fitted with Random Forest (Rate of outcome: 10%)

Figure 3.6: Calibration intercept as well as the corresponding 95% CI for fitted models under

different simulation scenarios. The dashed vertical lines showed the ideal value for calibration

intercept (0).
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(a) Low dimensional (Rate of outcome: 6%)

(b) Low dimensional (Rate of outcome: 10%)
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(c) Low dimensional with interactions (Rate of outcome: 6%)

(d) Low dimensional with interactions (Rate of outcome: 10%)
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(e) High dimensional fitted with ridge regression (Rate of outcome: 10%)
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(f) High dimensional fitted with Random Forest (Rate of outcome: 10%)

Figure 3.7: Calibration slope as well as the corresponding 95% CI for fitted models under different

simulation scenarios. The dashed vertical lines showed the ideal value for calibration slope (1).
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(a) Low dimensional (Rate of outcome: 6%)

(b) Low dimensional (Rate of outcome: 10%)
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(c) Low dimensional with interactions (Rate of outcome: 6%)

(d) Low dimensional with interactions (Rate of outcome: 10%)
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(e) High dimensional fitted with ridge regression (Rate of outcome: 10%)
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(f) High dimensional fitted with Random Forest (Rate of outcome: 10%)

Figure 3.8: AUC as well as the corresponding 95% CI for fitted models under different simulation

scenarios. The dashed vertical lines showed AUC of fitted model using the complete data.
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or no y). We didn’t see meaningful differences in model performance among different ap-

proaches to imputing interaction terms (JAV, passive imputation or smcfcs) neither. Low

dimensional settings with interaction terms in the underlying model and high dimensional

setting demonstrated similar results. Evaluations of prediction models under different set-

tings and scenarios were reported in Appendix C.
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Chapter 4

APPLICATION TO
BREAST CANCER SURVEILLANCE EXAMINATION DATA

We also applied methods studied to the Breast Cancer Surveillance Consortium (BCSC)

dataset on modeling performance outcomes of surveillance mammogram examinations (mam-

mography examinations performed for detecting asymptomatic subsequent breast cancer) in

breast cancer survivors [7]. We used the BCSC surveillance cohort to serve the input for

bootstrapping and a data illustration to compare these alternative MI approaches.

4.1 Study population

The data used focuses on surveillance mammogram examinations from three BCSC sites,

namely New Hampshire, Vermont, and KP Washington. The study included women aged

18 years or older who were previously diagnosed with a breast cancer (AJCC 8th edition

anatomic stage 0-III) from 1996 onward, based on the earliest date obtained from pathology

and cancer registry files. Additionally, the women must have had breast imaging examina-

tions occurring at least 6 months after their diagnosis date, allowing for serial diagnoses. We

excluded women with incomplete diagnosis dates (only the year known) of primary breast

cancer, missing age at diagnosis or stage at diagnosis, American Joint Commission on Cancer

stage IV at diagnosis (8th edition) [2], no surgery or missing surgery data, bilateral mastec-

tomy, or cancer diagnosis solely from biopsy data. Each BCSC registry and the Statistical

Coordinating Center (SCC) have received institutional review board approval for all study

procedures, including passive consenting processes (three registries) or a waiver of consent

(three registries and the SCC), to enroll participants, link data, and perform analytic studies.

All procedures are Health Insurance Portability and Accountability Act (HIPAA) compliant.
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All registries and the SCC have received a Federal Certificate of Confidentiality and other

protections for the identities of women, physicians, and facilities who are subjects of this

research.

4.2 Outcome variables

The main outcome variables of interest in this study are performance measures quantify-

ing surveillance harms: false-positive recall and false-positive biopsy. False-positive recall

(hereafter referred to as FP recall) refers to cases where an initial end-of-day assessment of

a mammogram indicated a positive finding, but no cancer was diagnosed within one year.

False-positive biopsy (hereafter referred to as FP biopsy) refers to cases where a biopsy was

recommended based on mammogram findings, but no cancer was diagnosed within one year.

4.3 Predictor variables

We considered all potential risk factors for surveillance harms (FP recall and FP biopsy),

including:

1. Women characteristics: demographic characteristics included women’s age at each

surveillance exam, racial and ethnic group (Hispanic, Non-Hispanic Asian, Non-Hispanic

Black, Non-Hispanic White and Others), body mass index (BMI) measured at each

surveillance mammogram, menopausal status, and first-degree family history of breast

cancer.

2. Primary breast cancer characteristics: pathological features including AJCC

stage, histology, grade, and estrogen and progesterone receptor (ER/PR) status.

3. Primary breast cancer treatment: treatment included the type of surgery (breast-

conserving surgery or mastectomy), use of radiation therapy, and the type of adjuvant

therapy (Hormonal therapy, chemotherapy, both, or neither) based on all cancer reg-

istry records and pathology databases.
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4. Primary breast cancer diagnosis: diagnosis information included women’s age and

calendar year at initial diagnosis, year since diagnosis (We intentionally included all

women with a PHBC, regardless of time since diagnosis, since surveillance decisions

are not limited to women with a recent diagnosis), and mode of detection (screening

detected, interval detected or clinically detected).

5. Exam characteristics: imaging characteristics included surveillance mammography

modality (film mammography, digital mammography, or digital breast tomosynthe-

sis), BI-RADS breast density (almost entirely fatty, scattered fibroglandular, hetero-

geneously dense or extremely dense), number of previous false-positive surveillance

exams, number of previous false-positive biopsies, time since previous mammogram,

and time since previous surveillance mammogram (first surveillance, 3-8 months, 9-14

months, 15-23 months, or ≥ 24 months).

Among all predictor variables, continuous variables including age at each surveillance

exam, age and calendar year at initial diagnosis, BMI were included in the models using

natural cubic splines with four degrees of freedom. Time since previous mammogram was

first log-transformed and then included in the models using natural cubic splines with three

degrees of freedom. We also considered two-way interactions between age and all other

predictors.

The analytical sample consisted of 100,149 surveillance mammograms from 16963 women,

including 11235 (11.2%) FP recalls and 1658 (1.7%) FP biopsies. Risk factors for the two

outcomes were summarized in Table 4.1 and 4.2. Most mammograms were from Non-Hispanic

White women (91.4%). Median age at survellience mammograms was 65 years and median

BMI was 26.6. There are several predictors that contain missing values and the missing

rate ranged from 0.2% (type of surgery) to 23.5% (BMI). Mammograms were treated as

independent observations, conditional on all observed predictors.
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Table 4.1: Distribution of risk factors stratified by false-positive recall outcome
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Table 4.2: Distribution of risk factors stratified by false-positive biopsy outcome
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4.4 Data imputation

We randomly split the data into training set (80%) and test set (20%) based on women’s

level and then applied the discussed methods to impute missing values of each predictor

using all other candidate predictors in the training and test sets separately. For each MI

method, we also imputed the missing values in three different scenarios: (1) with y; (2)

hybrid; (3) no y. During simulation studies we conducted previously, we did not find any

substantial differences between different approaches in imputing interaction terms. For the

sake of simplicity, we imputed the interaction terms of BCSC data using the JAV approach,

which directly imputes transformed values. All predictions and assessments were based on

25 imputed complete datasets.

4.5 Model fitting and evaluation

We conducted predictive modeling on each of the imputed data sets. We fitted the models on

the training sets while evaluated and compared two different risk prediction models (Ridge

Regression and Random Forest) on the test sets for each of the two outcomes (FP recall and

FP biopsy) assessing the calibration (E/O ratio, calibration intercept, calibration slope) of

predicted risks as well as discriminatory accuracy (AUC). For Ridge Regression, we used the

function cv.glmnet in the R package glmnet to perform 5-fold cross-validation for tuning

parameter selection. For Random Forest, we utilized the caret package to help us select

two tuning parameters: mtry (the number of variables to randomly sampled at each split)

and ntree (the number of trees to build in the Random Forest model). For mtry, we tried

7, 15, and 30, which corresponds to 0.5
√
p,

√
p, 2

√
p, respectively (p refers to the number

of predictors in the model, we have 251 predictors); for ntree, we considered 500, 1000 and

1500. A 5-fold CV was used for tuning parameter selection.

For the data illustration, model performance measured by sensitivity and positive predic-

tive value (PPV) at the 95th percentile of the risk score distribution, was also evaluated for

different approaches. Sensitivity refers to the percentage of exams with a predicted risk score
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greater than the risk score threshold (95th percentile of the risk score distribution) among all

exams with FP recall/FP biopsy. PPV refers to the percentage of exams with FP recall/FP

biopsy among all visits with a predicted risk score greater than the risk score threshold (95th

percentile of the risk score distribution).

4.6 Bootstrapping

We performed the bootstrapping process 100 times from the BCSC dataset. In each iteration,

we randomly selected a sample of mammograms from a subset of 5000 women, without

replacement, to mimic the original dataset’s characteristics. Train-test split was based on

the 5000 women’s data, with 80% (4000 women) as the training set and 20% (1000 women)

as the test set. We constructed 95% CIs of performance metrics in the testing set via 100

bootstrap samples.

Models fitted using Ridge Regression:

For FP recall, all MI approaches under three scenarios showed that the 95% CI for

E/O ratios and calibration intercepts overlapped 1 and 0 respectively (Figure 4.1a, 4.1b),

indicating no systematic biases. All MI approaches under three scenarios demonstrated that

95% CI for calibration slopes (Figure 4.1c) overlapped 1, suggesting no over/under-fitting.

Moreover, we didn’t observe meaningful differences in AUCs (0.71, 95% CI: [0.69, 0.73]) of

all MI approaches (Figure 4.1d).

For FP biopsy, all MI approaches under three scenarios showed that the 95% CI for

E/O ratios and calibration intercepts overlapped 1 and 0 respectively (Figure 4.2a, 4.2b),

indicating no systematic biases. All MI approaches under three scenarios demonstrated that

95% CI for calibration slopes (Figure 4.2c) overlapped 1, suggesting no over/under-fitting.

MIGB (Figure 4.2d) had slightly higher AUCs (0.60, 95% CI: [0.54, 0.66]) than the other

three MI approaches (0.58, 95% CI: [0.52, 0.64]).

Models fitted using Random Forest:

For FP recall, all MI approaches under three scenarios showed that the 95% CI for

E/O ratios and calibration intercepts failed to overlap 1 and 0 respectively (Figure 4.3a,
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4.3b), indicating overestimation. All MI approaches under three scenarios had calibration

slopes slightly greater than 1 (Figure 4.3c), but 95% CI for calibration slopes overlapped

1, suggesting no over/under-fitting. Moreover, we didn’t observe meaningful differences in

AUCs (0.70, 95% CI: [0.68, 0.72]) of all MI approaches (Figure 4.3d).

For FP biopsy, all MI approaches under three scenarios had E/O ratios greater than 1

and calibration intercepts lower than 1, although the 95% CI for E/O ratios and calibration

intercepts overlapped 1 and 0 respectively (Figure 4.4a, 4.4b). All MI approaches under three

scenarios had calibration slopes (Figure 4.4c) significantly less than 1, suggesting overfitting.

MIpara and MIRF (Figure 4.4d) had slightly higher AUCs (0.57, 95% CI: [0.51, 0.63]) than

MIGB and MIPCA (0.56, 95% CI: [0.50, 0.62]).

4.7 Data illustration

We also utilized the whole BCSC dataset to serve as a data example. Firstly, we conducted

a 10-fold cross-validation to assess predictive performance using imputed data by different

approaches. Samples were randomly partitioned into 10 groups at the woman level, among

which 9 groups were used as the training set and the remaining one as the testing set in

each cross-validation around. We constructed 95% CIs of performance metrics in the testing

set via 10 estimates of standard errors from cross-validation. Furthermore, risk prediction

models built using entire imputed data were evaluated using the sensitivity and PPV at the

95th percentile of the risk score distribution. Ridge regression was employed to develop risk

prediction models using each imputed dataset.

Figure 4.5 and 4.6 reported the calibration and discrimination for different MI approaches

based on the 10-fold cross-validation. The results aligned with the bootstrapping we did

previously. For both FP recall and FP biopsy, all MI approaches under three scenarios showed

that the 95% CIs for E/O ratios, calibration intercepts, and calibration slopes overlapped

1, 0, and 1 respectively. For FP recall, there was no substantial differences in AUCs for all

MI approaches (0.71, 95% CI: [0.70, 0.72]). For FP biopsy, MIGB had slightly higher AUCs

(0.62, 95% CI:[0.60, 0.64]) than the other three approaches (0.61, 95% CI:[0.59, 0.63]).
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(a) E/O ratio (Outcome: FP recall)

(b) Calibration intercept (Outcome: FP recall)
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(c) Calibration slope (Outcome: FP recall)
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(d) AUC (Outcome: FP recall)

Figure 4.1: Assessment on overall model calibration and discrimination for FP recall built using

Ridge Regression based on bootstrapping of BCSC data. The 95% CI for each metric was shown

using the error bars. The dashed vertical lines showed the ideal value for each calibration metric

(1 for E/O ratio, 0 for calibration intercept, 1 for calibration slope.
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(a) E/O ratio (Outcome: FP biopsy)

(b) Calibration intercept (Outcome: FP biopsy)
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(c) Calibration slope (Outcome: FP biopsy)
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(d) AUC (Outcome: FP biopsy)

Figure 4.2: Assessment on overall model calibration and discrimination for FP biopsy built using

Ridge Regression based on bootstrapping of BCSC data. The 95% CI for each metric was shown

using the error bars. The dashed vertical lines showed the ideal value for each calibration metric

(1 for E/O ratio, 0 for calibration intercept, 1 for calibration slope.
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(a) E/O ratio (Outcome: FP recall)

(b) Calibration intercept (Outcome: FP recall)
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(c) Calibration slope (Outcome: FP recall)
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(d) AUC (Outcome: FP recall)

Figure 4.3: Assessment on overall model calibration and discrimination for FP recall built using

Random Forest based on bootstrapping of BCSC data. The 95% CI for each metric was shown

using the error bars. The dashed vertical lines showed the ideal value for each calibration metric

(1 for E/O ratio, 0 for calibration intercept, 1 for calibration slope.
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(a) E/O ratio (Outcome: FP biopsy)

(b) Calibration intercept (Outcome: FP biopsy)
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(c) Calibration slope (Outcome: FP biopsy)
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(d) AUC (Outcome: FP biopsy)

Figure 4.4: Assessment on overall model calibration and discrimination for FP biopsy built using

Random Forest based on bootstrapping of BCSC data. The 95% CI for each metric was shown

using the error bars. The dashed vertical lines showed the ideal value for each calibration metric

(1 for E/O ratio, 0 for calibration intercept, 1 for calibration slope.



61

(a) E/O ratio (Outcome: FP recall)

(b) Calibration intercept (Outcome: FP recall)
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(c) Calibration slope (Outcome: FP recall)
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(d) AUC (Outcome: FP recall)

Figure 4.5: Assessment on overall model calibration and discrimination for FP recall built based

on 10-fold CV. The 95% CI for each metric was shown using the error bars. The dashed vertical

lines showed the ideal value for each calibration metric (1 for E/O ratio, 0 for calibration intercept,

1 for calibration slope.



64

(a) E/O ratio (Outcome: FP biopsy)

(b) Calibration intercept (Outcome: FP biopsy)
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(c) Calibration slope (Outcome: FP biopsy)
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(d) AUC (Outcome: FP biopsy)

Figure 4.6: Assessment on overall model calibration and discrimination for FP biopsy built based

on 10-fold CV. The 95% CI for each metric was shown using the error bars. The dashed vertical

lines showed the ideal value for each calibration metric (1 for E/O ratio, 0 for calibration intercept,

1 for calibration slope.
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Table 4.3 showed the estimated positive predictive value (PPV) and sensitivity at the 95th

percentile of the risk score distribution for different MI approaches under different scenarios.

The results for different approaches or scenarios were not meaningfully different.

Table 4.3: Sensitivity and PPV at the 95th percentile of the risk score distribution for different MI

approaches under different scenarios

Scenarios Risk score threshold (%)∗ Positive predictive value (PPV) (%)† Sensitivity (%)‡

MIpara

no y 31.00 43.01 19.19

hybrid 31.41 43.57 19.44

with y 31.62 43.33 19.34

MIRF

no y 30.98 43.33 19.34

hybrid 30.94 43.41 19.37

with y 31.01 43.33 19.34

MIGB

no y 30.99 42.93 19.16

hybrid 31.02 42.77 19.09

with y 31.10 42.77 19.09

MIPCA

no y 31.08 43.10 18.07

hybrid 31.04 42.89 18.68

with y 30.97 43.09 19.23

∗ Risk score threshold was determined at the 95th percentile of the risk score distribution

† Positive predictive value at the 95th percentile of the risk score distribution

‡ Sensitivity at the 95th percentile of the risk score distribution
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Chapter 5

DISCUSSION

In this study, we conducted a comprehensive comparison between parametric multiple

imputation and multiple imputation methods employing machine learning techniques, such

as random forest, gradient boosting, and principal component analysis via simulation studies

and real-world breast cancer data. Our goal was to assess whether the use of machine learn-

ing methods for imputing missing data would yield an improved predictive performance in

the risk prediction model constructed and evaluated using the imputed data. Our findings

revealed that the adoption of machine learning-based imputation methods did not lead to su-

perior model performance compared to traditional parametric imputation. Previous studies

have highlighted the advantages of machine learning-based imputation methods, emphasizing

their ability to capture complex relationships between variables and handle higher-order ef-

fects effectively. Some works even reported substantial predictive performance improvements

when using machine learning methods for imputing missing data in contexts with not-so-rare

outcomes, low-dimensional features and big sample sizes [26]. However, our study suggested

that the gains in predictive performance achieved through imputation with machine learn-

ing approaches might not be as noticeable, at least in some clinical scenarios, as initially

thought. It is crucial to consider that the success of machine learning techniques heavily

relies on data characteristics, sample size, and the complexity of the underlying relationships

in the dataset. In the context of risk prediction models, the impact of imputation methods

on predictive performance might be further complex, influenced by the nature of the risk

factors and their interactions in the specific domain. In settings with moderate sample sizes,

modest number of predictors, and infrequent outcomes, the predictive performance of a risk

prediction model may not benefit from using machine-learning MI compared to parametric
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MI.

In addition to comparing parametric and machine-learning imputation methods, we in-

vestigated the impact of including the outcome variable during MI in the training and test

sets on the predictive performance of the risk prediction model. For discriminatory accuracy,

our findings indicated that including the outcome variable in the test set during the imputa-

tion process resulted in higher AUCs for the risk prediction model compared to removing the

outcome variable in the test set, especially for data with only a few predictors. However, we

observed that some AUCs derived from the imputation with outcomes in the test sets were

even greater than the AUCs obtained from the complete dataset. This observation raises

concerns about potential overly optimistic AUC estimates when incorporating outcomes in

MI for the test set. Including the outcome variable in the training set can help capture

relationships between the predictor variables and the outcome, leading to more accurate

imputed values [32, 43]. However, missing data can occur at any stage of the clinical pre-

diction modeling pipeline, including model development, validation, or deployment. If data

is allowed to be missing at model deployment in clinical practice, it is recommended that

the outcome variable should be omitted from the imputation model during the development

phase [39] to avoid potential biases and overly optimistic AUC estimates.

Foe calibration, all MI methods under three scenarios resulted in well-calibrated predic-

tions in high-dimensional settings (95% CIs for E/O ratios, calibration intercepts, and slopes

overlapping 1, 0, and 1, respectively). However, in low-dimensional settings, we observed

that using the hybrid approach (where we included the outcome variable in the imputation

process in the training set, but omitted it in the test set) led to poor calibration slopes

(significantly less than 1) for all MI methods, indicating overfitting. One possible reason

for this may be model overdispersion, especially when we only have a few predictors. We

fitted prediction models on the imputed training set (outcome variable was included in the

imputation model) and the imputed test set (outcome variable was omitted in the imputa-

tion model) separately and then compared the variance of predicted risks obtained from the

two models. We got a higher variation in the predicted risks when we used the training set
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to fit the model, compared to that fitted using the test set. However, we did not observe

meaningful differences of variance in the high dimensional settings. These observations may

suggest that the hybrid approach may not be suitable in low-dimensional settings.

We also investigated the impacts of model misspecification of higher-order effects during

MI on predictive performance. We did not observe substantial changes in predictive perfor-

mance when we misspecified any interaction terms in our simulations. However, it is essential

to exercise caution in drawing general conclusions from these findings, as the simulations we

conducted represent a relatively simple scenario. More complex real-world data may exhibit

different patterns and sensitivities to model misspecification. Therefore, while our initial

results suggest that misspecification of higher-order effects may not have an appreciable im-

pact on predictive performance in this specific setting, further investigation with diverse and

more intricate datasets is necessary to gain a comprehensive understanding of the potential

consequences of model misspecification during MI in risk prediction modeling.

Although my thesis is focused on comparing different multiple imputation approaches,

we also found that different selected risk prediction models could impact model performance,

as suggested in some prior works [45, 20, 53, 10]. Our findings reveal intriguing differences

between Random Forest and Ridge Regression utilized to build risk models. Random Forest

exhibited E/O ratios significantly greater than 1, indicating a tendency to overestimate

risks, and calibration intercepts significantly less than 1, further reinforcing the notion of

overestimation. Additionally, the calibration slopes significantly less than 1 suggest that the

Random Forest model was prone to overfitting the data, leading to suboptimal predictions.

Machine learning approaches are sensitive to the choice of hyperparameters. In this case,

we tried to expand the search for tuning parameters in the simulation studies by (1) expand

the range of mtry values (we also considered 0.25
√
p and 4

√
p apart from originally 0.5

√
p,

√
p and 2

√
p, where p is the number of predictors); (2) add another hyperparameter to tune:

the minimal size of terminal nodes (we considered 5, 10, 20 and 30). However, we did not

get any meaningful improvement in model performance. To our knowledge, we followed best

practices for tuning hyperparameters using cross-validation, although results could vary if
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alternative hyperparameters were selected. Another possible reason for Random Forest not

performing well can be that it suffers from class imbalance in our data (e.g. the rate of FP

biopsy was 1%). Some resampling techniques (e.g. over-sampling, under-sampling, SMOTE)

[16] could be applied in future work.

In conclusion, machine learning-based MI didn’t outperform traditional parametric MI in

terms of predictive performance. We recommend whether to use machine learning-based MI

should be carefully evaluated based on the specific context and characteristics of the data.

Moreover, we recommend against including the outcome variable in the imputation model

for the test set. Although including outcome in the test set during MI led to higher AUCs

but raised concerns of over-optimistic predictive performance. Finally, we recommend being

cautious of using Random Forest as the risk prediction model for similar prediction modeling

settings.
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Appendix A

VERSION FOR R PACKAGES

• R (4.2.0)

• ROCR (1.0-11)

• glmnet (4.1-6)

• pensim (1.3.6)

• tidyr (1.2.1)

• dplyr (1.0.10)

• ggplot2 (3.4.0)

• caret (6.0-94)

• VIM (6.2.2)

• mice (3.15.0)

• randomForest (4.7-1.1)

• mixgb (0.1.0)

• missMDA (1.18)

• sandwich (3.0-2)
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Appendix B

SAMPLE CODE

# Code for simulating high dimensional datasets

library(pensim)

x <- create.data(

nvars = c(20, 16, 8, 20),

cors = c(0, 0.7, 0.7, 0),

associations = c(0.5, 0.6, 0.3, 0.2),

firstonly = c(TRUE, TRUE, TRUE, FALSE),

nsamples = 1000,

response = "binary",

logisticintercept = -2.8)

data_5 <- x$data

table(data_5$outcome)

outcome = data_5$outcome

# Induce missing data in predictors during simulation studies

# (take high dimensional setting as an example)

data_mar <- data.frame(cbind(ampute(data[1:10], mech="MAR", prop = 0.1,

bycases = FALSE)$amp, data[11:29], ampute(data[30:45], mech="MAR", prop

= 0.2, bycases = TRUE)$amp, data[46:65]))

↪→

↪→

# Different approaches to imputing missing data in predictors
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# (take high dimensional setting as an example)

library(mice)

data_para_mar_no_y <- mice(data_mar[1:64], m=5) # parametric MI, no outcome

data_para_mar <- mice(data_mar, m=5) # parametric MI, with outcome

library(mice)

data_rf_mar_no_y <- mice(data_mar[1:64], m=5, meth="rf") # MI using random

forest, no outcome↪→

data_rf_mar <- mice(data_mar, m=5, meth="rf") # MI using random forest,

with outcome↪→

library(mixgb)

data_imp_gb_mar_no_y <- mixgb(data_mar[1:64], m=5) # MI using gradient

boosting, no outcome↪→

data_imp_gb_mar <- mixgb(data_mar, m=5) # MI using gradient boosting, with

outcome↪→

library(missMDA)

## MI using PCA, no outcome

cv.nb_data_mar_no_y <- estim_ncpFAMD(data_mar, ncp.min=1, ncp.max=5,

method.cv="kfold")↪→

data_imp_pca_mar_no_y <- MIPCA(data_mar[1:64], ncp=cv.nb_data_mar_no_y$ncp,

nboot=5)↪→

## MI using PCA, with outcome

cv.nb_data_mar <- estim_ncpFAMD(data_mar, ncp.min=1, ncp.max=5,

method.cv="kfold")↪→

data_imp_pca_mar <- MIFAMD(data_mar,ncp=cv.nb_data_mar$ncp, nboot=5)
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# Functions to evaluate risk model using imputed datasets

# (take low dimensional setting as an example)

predict_fun_cat <- function(x, fits) {

predict(fits, newdata=x, type="response")

}

calibrationMetrics = function(data,risk_var){

print(dim(data))

data$risk_interest = data[,risk_var]

## EO ratio:

E = mean(data$risk_interest)

O = mean(data$outcome)

EORatio = E/O

library(sandwich)

glm_fit = glm(formula = outcome~1, family = binomial(link="logit"), data =

data)↪→

summary(glm_fit)$coefficients

beta_hat = summary(glm_fit)$coefficients["(Intercept)","Estimate"]

cov <- vcovHC(glm_fit, type="HC1")

var_beta_hat = diag(cov)

se_EORatio = sqrt(E^2/exp(beta_hat)^2 * var_beta_hat)

EORatio_95CI = c(EORatio - 1.96*se_EORatio, EORatio + 1.96*se_EORatio)

EORatio_res = paste0(round(EORatio,digits=4), " (",

round(EORatio_95CI[1],digits=4), ", ",

round(EORatio_95CI[2],digits=4), ")")

↪→

↪→
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## Calibration intercept:

library(sandwich)

glm_fit = glm(formula =

outcome~1+offset(I(log(risk_interest/(1-risk_interest)))), family =

binomial(link="logit"), data = data)

↪→

↪→

cox_intercept = summary(glm_fit)$coefficient["(Intercept)","Estimate"]

cov <- vcovHC(glm_fit, type="HC1")

cox_intercept_se = sqrt(diag(cov))

cox_intercept_95CI = c(cox_intercept-1.96*cox_intercept_se,

cox_intercept+1.96*cox_intercept_se)↪→

cox_intercept_res = paste0(round(cox_intercept,digits=4), " (",

round(cox_intercept_95CI[1],digits=4), ", ",

round(cox_intercept_95CI[2],digits=4), ")")

↪→

↪→

## Calibration slope:

library(sandwich)

glm_fit = glm(formula = outcome~I(log(risk_interest/(1-risk_interest))),

family = binomial(link="logit"), data = data)↪→

cox_slope = summary(glm_fit)$coefficient["I(log(risk_interest/(1 -

risk_interest)))","Estimate"]↪→

cov <- vcovHC(glm_fit, type="HC1")

cox_slope_se = sqrt(diag(cov))["I(log(risk_interest/(1 -

risk_interest)))"]↪→

cox_slope_95CI = c(cox_slope-1.96*cox_slope_se,

cox_slope+1.96*cox_slope_se)↪→
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cox_slope_res = paste0(round(cox_slope,digits=4), " (",

round(cox_slope_95CI[1],digits=4), ", ",

round(cox_slope_95CI[2],digits=4), ")")

↪→

↪→

return(list(EORatio=c(EORatio, se_EORatio), cox_intercept=c(cox_intercept,

cox_intercept_se), cox_slope=c(cox_slope, cox_slope_se)))↪→

}

evaluation_cat <- function(imp.data, seed=77) {

set.seed(seed)

training <- list()

test <- list()

training.samples <- imp.data[[1]][[7]] %>% createDataPartition(p = 0.8,

list = FALSE)↪→

for (df in imp.data) {

train.data <- df[training.samples, ]

test.data <- df[-training.samples, ]

training <- append(training, list(train.data), after=1)

test <- append(test, list(test.data), after=1)

}

fits <- lapply(training, glm, formula="outcome~x1+x2+x3+x4+x5+x6",

family="binomial")↪→

## predictions in different imputation datasets

predicts <- mapply(predict_fun_cat, test, fits)



83

## AUC

predictions <- apply(predicts, MARGIN=2, FUN=function(pred)

prediction(pred, test[[1]][, 7], label.ordering = NULL))↪→

for (i in 1:5) {

test[[i]]$pred <- predicts[, i]

test[[i]]$outcome <- as.numeric(as.character(test[[i]]$outcome))

}

auc_ROCR <- lapply(predictions, FUN=function(x) performance(x, measure =

"auc"))↪→

auc_ROCR <- lapply(auc_ROCR, FUN=function(auc) round(auc@y.values[[1]],

6))↪→

se_auc <- apply(predicts, MARGIN=2, FUN=function(pred)

sqrt(var(roc(test[[1]][, 7], pred))))↪→

# Calibration metrics

cali <- lapply(test, FUN=function(x) calibrationMetrics(as.data.frame(x),

"pred"))↪→

EO <- lapply(cali, FUN=function(x) x$EORatio[1])

se_EO <- lapply(cali, FUN=function(x) x$EORatio[2])

cali_int <- lapply(cali, FUN=function(x) x$cox_intercept[1])

se_cali_int <- lapply(cali, FUN=function(x) x$cox_intercept[2])

cali_slope <- lapply(cali, FUN=function(x) x$cox_slope[1])

se_cali_slope <- lapply(cali, FUN=function(x) x$cox_slope[2])

## pooled estimates

pooled <- summary(pool(fits), conf.int=TRUE)
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results <- list(pooled, auc_ROCR, se_auc, EO, se_EO, cali_int,

se_cali_int, cali_slope, se_cali_slope)↪→

return(results)

}

# Calculate sensitivity and PPV at the 95th percentile of risk score

distribution↪→

predicts <- mapply(predict_fun_cat, test, fits)

df <- data.frame(predict = predicts, actual = test)

95_percentile <- tail(head(arrange(data,desc(predict)), n = nrow(data) *

0.05), 1)$predict↪→

data$95_percentile <- ifelse(df$predict >= 95_percentile, 1, 0)

sensitivity <- mean((df %>% filter(actual == 1))$95_percentile)

ppv <- mean((df %>% filter(95_percentile == 1))$actual)
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Appendix C

ADDITIONAL TABLES

Table C.1: Low dimensional setting where the rate of outcome was 0.06: evaluation of prediction

models (logistic regression) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.00(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.96(0.02)

AUC: 0.67(0.00)

-

Hybrid
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.79(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.78(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.78(0.01)

AUC: 0.67(0.00)

-

Include outcome during MI
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.97(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.96(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.01)

AUC: 0.71 (0.00)

* Original complete data set: 1)E/O ratio: 1.00(0.01); 2) Calibration intercept: -0.01(0.01); 3) Calibration slope: 1.00(0.01); 4) AUC: 0.71(0.00).
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Table C.2: Low dimensional setting with interactions where the rate of outcome was 0.06: evaluation

of prediction models (logistic regression) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.02)

AUC: 0.72(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.96(0.02)

AUC: 0.72(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.95(0.02)

AUC: 0.72(0.00)

-

Hybrid
E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.66(0.01)

AUC: 0.72(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.01(0.01)

Calibration slope: 0.67(0.01)

AUC: 0.71(0.00)

E/O ratio: 0.99(0.01)

Calibration intercept: 0.02(0.01)

Calibration slope: 0.66(0.01)

AUC: 0.71(0.00)

-

Include outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.79(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.01)

AUC: 0.79(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.96(0.01)

AUC: 0.79(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.01(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.80 (0.00)

* Original complete data set: 1)E/O ratio: 1.00(0.01); 2) Calibration intercept: 0.00(0.01); 3) Calibration slope: 1.00(0.01); 4) AUC: 0.81(0.00).
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Table C.3: Low dimensional setting where the rate of outcome was 0.10: evaluation of prediction

models (logistic regression) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.02(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.67(0.00)

-

Hybrid
E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.78(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.79(0.01)

AUC: 0.67(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.80(0.01)

AUC: 0.67(0.00)

-

Include outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.71 (0.00)

* Original complete data set: 1)E/O ratio: 1.00(0.01); 2) Calibration intercept: 0.00(0.01); 3) Calibration slope: 1.00(0.01); 4) AUC: 0.71(0.00).
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Table C.4: Low dimensional setting with interactions where the rate of outcome was 0.10: evaluation

of prediction models (logistic regression) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.97(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.01(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.71(0.00)

-

Hybrid
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.67(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.69(0.01)

AUC: 0.71(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.67(0.01)

AUC: 0.71(0.00)

-

Include outcome during MI
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.78(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.78(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.98(0.01)

AUC: 0.78(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 0.99(0.01)

AUC: 0.79 (0.00)

* Original complete data set: 1)E/O ratio: 1.00(0.01); 2) Calibration intercept: 0.00(0.01); 3) Calibration slope: 1.01(0.01); 4) AUC: 0.79(0.00).
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Table C.5: High dimensional setting where the rate of outcome was 0.10: evaluation of prediction

models (ridge regression) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.02(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.03(0.01)

Calibration intercept: -0.02(0.01)

Calibration slope: 0.98(0.02)

AUC: 0.67(0.00)

E/O ratio: 1.02(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.03(0.02)

AUC: 0.67(0.00)

-

Hybrid
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.99(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 0.99(0.02)

AUC: 0.67(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.01(0.02)

AUC: 0.67(0.00)

-

Include outcome during MI
E/O ratio: 1.01(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.00(0.02)

AUC: 0.69(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 1.01(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.00(0.01)

Calibration intercept: -0.01(0.01)

Calibration slope: 1.01(0.02)

AUC: 0.68(0.00)

E/O ratio: 1.01(0.01)

Calibration intercept: 0.00(0.01)

Calibration slope: 1.01(0.02)

AUC: 0.68 (0.00)

* Original complete data set: 1)E/O ratio: 1.00(0.01); 2) Calibration intercept: -0.01(0.01); 3) Calibration slope: 1.00(0.02); 4) AUC: 0.68(0.00).
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Table C.6: High dimensional setting where the rate of outcome was 0.10: evaluation of prediction

models (random forest) built for imputed data sets

Not specify interaction terms Just Another Variable (JAV) Passive Imputation SMCFCS

Remove outcome during MI
E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.86(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.15(0.01)

Calibration intercept: -0.15(0.01)

Calibration slope: 0.85(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.14(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.85(0.02)

AUC: 0.64(0.00)

-

Hybrid
E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.87(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.13(0.01)

Calibration intercept: -0.15(0.01)

Calibration slope: 0.81(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.82(0.02)

AUC: 0.64(0.00)

-

Include outcome during MI
E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.90(0.02)

AUC: 0.65(0.00)

E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.84(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.13(0.01)

Calibration intercept: -0.14(0.01)

Calibration slope: 0.85(0.02)

AUC: 0.64(0.00)

E/O ratio: 1.13(0.01)

Calibration intercept: -0.13(0.01)

Calibration slope: 0.85(0.02)

AUC: 0.64 (0.00)

* Original complete data set: 1)E/O ratio: 1.12(0.01); 2) Calibration intercept: -0.14(0.01); 3) Calibration slope: 0.87(0.02); 4) AUC: 0.65(0.00).
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