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• Economic Evaluation in Clinical Trials. Baltimore, United States. March 8-10, 2017. 

• Workshop on Developing a Cochrane Systematic Review. Baltimore, United States. January 11-
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• Fundamentals of Querying using SQL. Hunt Valley, MD, United States. June 30, 2016. 

• Panel-Data Analysis Using Stata. Washington DC, United States. June 23-24, 2016. 

• Regression Modeling Using Stata. Washington DC, United States. June 22, 2016. 
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• Bayesian Analysis: Overview and Applications. ISPOR. Washington DC, United States. May 21, 
2016. 
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• Pharmacoeconomics and HTA (Manuel Espinosa). Pontificia Universidad Javeriana. Bogota, 
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ABSTRACT 

Title of Dissertation: Application of Machine Learning Algorithms for Predicting 

Missing Cost Data 

Juan-David Rueda, Doctor of Philosophy, 2019 

Dissertation Directed by: Julia F. Slejko 

Objective: To compare new alternatives to estimate the health care costs in the presence 

of missing data using methods based on machine-learning (ML). 

Introduction: Costs must be correctly estimated for value assessment and budget 

calculations. Problems arise when they are not correctly estimated. Sometimes costs can 

be biased and lead to wrong decisions that affect population health. Cost estimation is a 

challenging task and it is more challenging in the presence of missing data. 

Methods: We used Surveillance, Epidemiology, and End Results program (SEER)-

Medicare including patients with multiple myeloma newly diagnosed from 2007-2013. 

We explored the problem of missing data using different approaches creating artificial 

missing data. We hypothesized that the use of ML techniques improves the prediction of 

mean medical total costs in the presence of missingness. ML methods included support 

vector machines, boosting, random forest, and classification and regression trees. First, 

we analyzed the problem considering only one dimension, when one variable is missing 

in a cross-sectional scenario, using generalized linear models as a comparator against ML. 

Then, we added time as a factor for missingness, utilizing reweighted estimators against 

ML. Finally, we explored the different levels of censoring and determined how each 

censoring level affected our cost estimations. In this case, we created multiple linear 

spline models to establish the effect of censoring on the bias of the estimator. 



Results: We demonstrated that ML algorithms had better prediction when data was 

missing completely at random and missing at random. All the methods performed badly 

in the missing not at random scenario. In the second aim, we showed that ML-based 

methods predict just as well as reweighted estimators for the five-year total cost of a 

patient with multiple myeloma. Lastly, we found that ML methods are consistent and 

robust at low and moderate levels of censoring; however, we failed to prove that they are 

better than the reweighted estimators. 

Conclusions: ML based methods are a good alternative for the prediction of missing cost 

data in the case of cross sectional and longitudinal data. 
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1 OVERVIEW  

1.1 DESCRIPTION OF THE PROBLEM 

Accuracy in cost estimation is a critical issue for the precise assessment of the value 

of technologies, and also to plan future budgets in health care. First, value is an important 

goal in health care delivery;1 it is the essence of cost-effectiveness analysis.2-5 To assess 

the value of health care we need to measure, report, and compare costs and outcomes.6 

All cost-effectiveness analyses depend on accurate cost estimations1 and appropriate 

analytic techniques.7,8 Second, accurate costs estimations help to plan future budgets.6 

The mean cost of an intervention or an illness is an important central tendency 

measurement for budget calculations.9,10 Knowing the mean cost per patient and the 

number of patients suffering the condition enable decision makers to calculate the budget 

needed to cover the population. 

Costs must be correctly estimated for value assessment and budget calculations. 

Problems arise when they are not correctly estimated. Sometimes costs could be biased 

and lead to wrong decisions that affect population’s health. Cost estimation is a 

challenging task. It will give us a biased result when it is not possible to obtain a 

complete patient follow-up, referred to as censoring. It occurs as the result of the inability 

of the researcher to have complete knowledge about the value of a measurement which, 

in this case, is cost. In addition, it follows two possible mechanisms: early attrition of 

patients and end of follow-up.11 The first occurs when we do not have information after 

the patients leave the dataset. The second occurs when the available information on the 
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follow-up of the study ends before the patient experiences the event of interest (e.g. 

death).  

Previous authors12-15 have shown that cost studies that ignore censoring would result 

in a biased estimator of the mean and the variance of the sample. Several approaches 

already deal with this problem, known as “reweighted estimators”.13-15 These estimators 

and their variations are based on the idea that the uncensored cases do not only represent 

their costs, but also the costs of the censored cases.15 There are two different reweighted 

estimators: the Kaplan-Meier sample average (KMSA) estimator14 and the inverse 

probability weighted (IPW) estimator.15  These reweighted techniques are the gold 

standard in the presence of censored costs data because they produce an estimation which 

is less biased.  

Nonetheless, the existing approaches are deficient in some areas. They are not 

suitable for censored data when the missing pattern is missing not-at random (MNAR) or 

when the data are highly censored.16 In the first case, the estimation is biased and in the 

later, the estimators become unstable. Presently, there is not an accurate and easy method 

to estimate highly censored data.17,18 We propose to use innovative techniques in data 

analysis as machine learning to obtain unbiased and efficient mean estimators in the 

presence of highly censored data. 

Machine learning is a subfield of statistics and computer sciences that deals with 

the problem of finding a predictive function based on data.19-21 Machine learning is a vast 

set of tools to understand the data based on algorithms.22,23 As opposed to the parametric 
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data modeling culture, machine learning24 does not impose a specific relationship 

between the independent and dependent variables. Furthermore, machine learning does 

not rely on many of the classic statistical assumptions and its biggest strength is in high-

dimensional prediction problems.19-21  

Previous approaches that address missing costs of censored observations use an 

algorithm to predict and impute the missing costs. Machine learning and its advantage of 

high-dimensional prediction modelling could address censored costs in claims data with a 

different approach, offering a more accurate prediction of costs.  

Currently, there is not enough evidence about using machine learning for the 

prediction of censored cost data. With a better prediction of costs for longitudinal data, 

we could improve the assessments of value in health care and better plan future budgets. 

1.2 RESEARCH QUESTION 

Can we use machine-learning algorithms to improve the estimation of the mean and 

standard error of costs in the presence of missing data? 

1.3 PRIMARY OBJECTIVE 

To compare new alternatives to estimate the total mean cost and standard error in the 

presence of missing data using methods based on statistical predictive modeling and 

machine learning. 
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1.4 AIMS AND HYPOTHESES 

Central Hypothesis: We hypothesize that the use of machine learning techniques for the 

estimation of missing cost data will improve the prediction of mean total costs and its 

standard deviation. This will be possible given their advantages for the accurate 

prediction of missing values and the flexibility in terms of modeling because these 

techniques do not assume a specific functional form. Machine learning techniques help us 

to identify complex relationship between variables; we could also use them for scenarios 

involving highly missing/censored data where other methods are biased and inefficient. 

Aim 1: To compare the existing techniques for dealing with missing cross-

sectional data (i.e. generalized linear model (GLM)) against machine learning methods 

(SVM, decision trees, bagging, random forests, boosting and generalized additive 

models).  

Aim 2:  To compare the existing techniques for dealing with censored cost data 

(i.e. Lin´s method14, and Bang and Tsiatis method15) against machine learning techniques 

(i.e. support vector machines, boosting, random forest, and classification and regression 

trees) and identify the scenarios in which the machine learning methods provide an 

advantage over the existing techniques.  

Aim 3: To compare the existing techniques for dealing with censored cost data 

against machine learning techniques (i.e. support vector machines, boosting, random 

forest, and classification and regression trees) in low, intermediate, and high levels of 

censored data (0%-80% in intervals of 5% censoring).   
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2 BACKGROUND 

Controlling medical expenditure is an essential task given that economic growth 

since 201325 has been lower than the health care spending growth in the United States. To 

overcome this problem, cost assessment is a crucial component of medical treatment 

evaluation as important as effectiveness and safety assessments.2 A comparative analysis 

of costs is common to all forms of economic evaluations.26 However, by far the most 

common form of economic evaluation is cost effectiveness analysis.2,3,6,27 

Cost-effectiveness analysis (CEA) is a form of economic evaluation used to 

determine if the amount of money invested is worth the gain in outcomes.4-6 CEA is built 

on the idea that it is possible to improve health outcomes within a constrained budget.2,28  

The primary objective of cost-effectiveness analysis is to assess value for money in 

health care decision making.3,5 Accuracy in cost estimation is critical for the precise 

assessment of the value of technologies and also to plan future budgets in health care.6,16 

From a policy perspective, the arithmetic mean of costs and effects reported in CEA 

is the summary measure of interest.9,10 There are two reasons: budget calculations and 

social efficiency maximization.16 The former reason is that knowing the mean cost per 

patient and the number of patients with the condition enables decision makers to calculate 

the budget needed to cover the entire population. To understand the latter reason, we need 

first to understand what our objective with CEA is. The goal is to maximize the 

incremental effect gains with new interventions and to minimize the incremental 

costs.3,5,6 So, the ideal situation is to reallocate resources within the population and to 
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make individuals better off without making any individual worse off (Pareto 

efficiency).29 However, this situation is hard to reach and impractical.30 Consequently, 

less strict criteria could be applied. According to these criteria, if those that are made 

better off could hypothetically compensate those that are made worse off, then this would 

lead to a Pareto-improving outcome (Kaldor-Hicks efficiency).30,31 This Kaldor-Hicks 

criterion is the underlying rationale for CEA and the measure of improvement in welfare 

is always the mean cost or effect.16 

Unfortunately, the mean cost is not a robust statistic.32,33 Health care costs are 

affected by several factors like missing data and outliers.7 Missing data is a frequent 

problem in longitudinal studies11 and health care costs are cumulative over time34. So, 

longer time horizons increase the probability of missing data. Missing data could lead us 

to make wrong decisions for budgetary and social efficiency perspectives. So, in order to 

optimize resources in the society and to improve the welfare we need to guarantee 

accurate estimations of mean costs. 

2.1 MISSING DATA 

Missing data is a problem common to all data analyses. The two biggest problems 

with missing data are the loss of efficiency and biased estimation of the outcome.11,35,36 

Depending on the data that we are analyzing and the dimensions, we can have different 

patterns.8 We can have missing items, missing vectors, or missing vectors after a certain 

point in time.37  If our data are cross-sectional, we can have one missing variable for 

various observations or multiple missing variables for various observations. In the 



7 

 

longitudinal analysis, this problem is more complex because we add an extra dimension; 

time. In the following paragraphs, we will explain the missingness patterns and then we 

will explain how time implies specific challenges.  

For the understanding of the missing pattern, we will introduce some notations. Let   
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Where, iY  is the dependent variable, ijR is a dummy variable for that dependent 

variable to be observed or unobserved and X the covariates of interest. 

It has been described three possible mechanisms (causes, for some authors) of 

missingness. These mechanisms were described by Rubin38 and he proposed a 

hierarchical desirability of missing data mechanisms.35  Each one represents a different 

challenge, and the identification of the mechanisms of missing is crucial in order to select 

the best approach to adjust for missing values.11,35,37 

Missing completely at random (MCAR) occurs when the probability of the 

observation to be missing is independent to the value of the response variable given some 

covariates.35,38 
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In notation:  )|0Pr(),,|0Pr( iiji

M

i

O

iij XRXYYR ===  

Missing at random (MAR) occurs when the probability of the observations to be 

missing is independent to the unobserved outcome variable, but conditional on the 

observe outcome variable and covariates.35,38 

In notation:  ),|0Pr(),,|0Pr( i

O
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iij XYRXYYR ===  

Missing not at random (MNAR) occurs when the probability of the observations to 

be missing is dependent to the unobserved outcome variable.35,38 

In notation:  M

ii

M

i

O

iij YondependsXYYR ),,|0Pr( =  

There is not a statistical method to determine the mechanism of censoring.16 

However, there are indirect methods to diagnose the mechanism of censoring.16 First, we 

can try to rule out MCAR if clinical and demographic characteristics of the censored 

cases are different from the uncensored cases. If we ruled out MCAR then we will try to 

rule out MAR if after controlling for the probability of being censored, the cost for 

censored cases differs significantly from the uncensored cases.16 Although diagnosis of 

the missingness pattern helps us to decide how to select the best method for analyzing the 

data, the real mechanism is unknown.  

Some analytic methods have been developed during the last 30 years to solve this 

problem but they depend on the missingness pattern.38 
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In the case of censoring, the missing pattern is centered around a period of time, 

before or after this period, we have no more information for the subject.11 There are three 

different types of censoring according to the direction of the censoring: left censoring, 

interval censoring, and right censoring. We will focus on the most frequent type for 

health economists, right censoring.7 In this type of censoring we have data up to a time 

point but after this time, C, we do not have anything information about the individual. If 

we have a time window of follow-up (from t_0 to t) where the individual could (T) or 

could not (T ̅) experience and event X. The individual will be censored if T is higher than 

C. This could be possible in two situations, first early attrition and second the individual 

never experience the event during the follow-up time.36  

Censoring can also be classified according to the reason for censoring. We have 

three possible mechanisms: random censoring (MCAR), end-of-study censoring 

(censoring Type I), and informative censoring (MAR or MNAR).11 Random censoring 

occurs when the reason for missingness is unrelated to the event of interest (similar as 

MCAR).36 For example, patients change their place of residency and change their 

insurance company, so no records are observed after a point in time. End-of-study 

censoring is also random censoring but that occurs because of the end of the study 

window.36 For example, patients that started the follow-up few weeks before the end of 

the study will not have enough time to experience the outcome. Informative censoring 

occurs when early attrition is due to reasons that are related to the event of interest.36 For 

example, it occurs in a comparison between two treatments for cancer; drug A, and 

placebo. If the patients receiving placebo are more likely to experience the outcome and 
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they become too sick to come to the follow-up visits, the outcome cannot be tracked. In 

this case the reason for missingness is related to the outcome of interest.  

2.2 METHODS FOR ANALYZING CENSORED COST DATA 

There are several methods for addressing the problem of censored cost data. 

However, it is not clear when the amount of censored data is problematic, and no clear 

guidance is available. According to the International Society of Pharmacoeconomics and 

Outcomes Research (ISPOR) taskforce,10 ignoring a small amount of censored data is not 

problematic if by doing so, the results are unbiased.  However, these guidelines do not 

give a percentage amount of censoring that can be ignored. In what follows, we review 

the most common methods available for addressing censored cost data. We will start 

describing the naïve methods, and then the reweighted estimators. At the end of this 

section, we will summarize the literature that compares existing methods. 

There are two methods very common in the literature that give biased results, 

these methods are called naïve estimators. The first one is ignoring censoring or full 

sample analysis, where the researcher analyzes the data as if the observed data represents 

complete observations.8 This method is problematic because it gives us a downward 

biased estimation of the sample mean. The second is ignoring the censored cases or 

complete case analysis. In this method, the researcher creates an indicator variable for 

being censored and only uncensored cases are analyzed.16 If the amount of censored cases 

is big, then we will be excluding large amounts of information. This method is 

problematic because it gives us an estimation of the mean that is biased toward the cost of 

the patients with shorter survival times.16 To overcome these limitations, more 
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appropriate techniques were developed; the reweighted estimators. There are two 

common reweighted estimators; the Lin method and the Bang and Tsiatis method 

(B&T).14,15 However, several variations of these classic techniques exist.  

Lin’s method is based on the idea that uncensored cases represent censored 

cases.14 It is also known as the Kaplan-Meier Sample Average estimator (KMSA). This 

method relies on two assumptions: non-informative censoring and that censoring occur 

discretely at the beginning or end of each interval. This method is recommended only 

when the missingness mechanism is MCAR. It uses the probability of survival to reweigh 

the estimated cost. The variations of the method depend on the information of costs 

available, and if patients characteristics and clinical covariates are included. There are 

four different variations of the method: Lin with known cost histories, Lin without cost 

histories, Lin’s regression method with unknown cost histories, and Lin’s regression 

method with cost histories.18  

When cost history is available, the data are divided into smaller intervals and the 

probability of surviving to the beginning of each interval is calculated using a Kaplan-

Meier estimator (or a Cox regression). The average cost per interval is estimated for those 

who are alive during the interval; this could be using an unadjusted mean (Lin with 

known cost histories) or a Generalized Linear Model (Lin’s regression method with cost 

histories). Then the probability of surviving during the interval is multiplied by the mean 

cost of the interval. This value represents the cost of the interval for observed cases and 

censored cases; assuming that the distribution of deaths and costs in censored cases is the 
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same as in uncensored cases. Finally, the reweighted costs per interval are summed to 

obtain the mean total cost for the entire study period. 

The estimator for mean cost with known cost histories is given as [from Raikou17] 

�̂ ���1 = ∑ ������ ��  

Where �� is the probability of surviving and it is consistent with the Kaplan Meier 

estimator. �� is the mean cost in interval k  and it is derived from those individuals who 

are under observation at the start of the interval. 

When cost histories are not available, the data are also divided into smaller 

intervals. However, only the observed total costs are being used in the estimation process. 

The estimator for mean cost with unknown cost histories is given as [from Raikou17] 

�̂ ���2 = � ���(���
���
���

− �����)  

Where (S�� − S����) is the probability of death over the interval. A�� is the mean 

cost for the interval k for those who are observed to die during the interval.  

The second reweighted estimator is the Bang and Tsiatis method.15 Again, this 

method also depends on the information of costs available. There are two possible 

variants: B&T weighted cost method without cost histories and the B&T weighted cost 

method with cost histories.18 This method also partitions the study time into smaller 
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periods. When cost history is available, then for each interval the total cost per interval 

and the inverse probability of being censored per interval is calculated. The biggest 

difference of this method compared to Lin’s method is that Lin reweighs on the survival 

probability and B&T reweighs on the inverse probability of being censored.8,16 After 

multiplying the cost by the inverse probability weights, they are summed up to obtain the 

total cost for the entire study period and then you divide this quantity by the number of 

participants at the beginning of the study.  The intent of this method is to avoid imposing 

any restrictions on the distribution of censoring times.17  

The estimator for mean cost with known cost histories is given as [from Raikou17] 

�̂ �&!1 = �
" � #$%$

&� ('$)
�
(��

 

Where )( is the total cost per interval. *( is an indicator for uncensored 

individuals. +�(!() is the probability of not been censored during the interval.  

When cost histories are not available a partition estimator is calculated. The 

estimator for mean cost with unknown cost histories is given as [from Raikou17] 

�̂,&-. = �
" � � #$/ 0%$(1/)2%$(1/23)4

&5  ('$/)

�

6��

"

(��
 

Where )((76) is the cumulative cost up to time 76. *86  is an indicator for censored 

cases in the interval. +9�  (!(6 ) is the probability of not being censored during the interval. 
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With highly censored data, Lin and B&T methods are not appropriate estimators 

of the sample mean.13 To address this problem, the phased-based costing method was 

developed. This method is very attractive in the presence of heavy cost censoring 

(>50%). As described by Wijeysundera et al,13 to use this approach we need the 

following steps. First, define the phases of the disease. Second, identify the inflection 

points in cost accumulation function. Third, for each case determines the allocation time 

and cost. Fourth, calculate the mean cost per phase. Finally, using the information of cost 

per phase and time to death, calculate the cumulative lifetime costs. The challenge with 

this method is to identify the phases. It is a critical step of the method and the results 

depend on this process, however most diseases do not have easily identifiable stages. 

There is not a lot of literature comparing performance of these methods. Young et 

al18 compared nine different techniques in the presence of censored costs. The objective 

of their paper was to compare the different methods for estimating mean total costs, in the 

presence of censoring, and quantifying the uncertainty surrounding the mean estimate 

(standard error). In their paper they compared: ignoring censoring; complete cases; Lin’s 

method (with and without cost histories); Bang and Tsiatis weighted method (with and 

without histories); Lin’s regression methods (with and without histories). In their study, 

they also explored different mechanisms for censoring (random censoring, end of study 

censoring, informative censoring and partial censoring) and a censoring level of 30%. It 

was found that the most accurate method for predicting the means and the standard errors 

is Bang and Tsiatis method. When the mean was the only parameter of interest, Lin’s 

method with unknown cost histories also performed well.  
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Raikou et al17 compared the different variants of the Lin and B&T methods under 

heavy censoring conditions using artificially-censored data. In this study, the authors 

used 80% of censoring. The six methods compared were: Lin’s method (with and without 

cost histories); B&T weighted method (with and without histories); and two variants 

B&T simple improved and B&T improved partitioned. They found that Lin with cost 

histories appeared stable under a variety of conditions. On the other hand, Lin without 

cost histories was sensitive to the number of individuals contributing cost information. 

B&T showed variable results. The B&T methods that used cost histories performed well, 

meanwhile the B&T without cost histories were very unstable. The authors concluded 

that although Lin and B&T with cost histories behave similarly, the former should be 

preferred because it is not restricted by the pattern of the censoring distribution. They 

also concluded that the weight alone in the B&T method is not sufficient to adjust the 

estimates for the loss of information in heavy censoring.  

Nonetheless, the existing approaches are deficient in some areas. They are not 

suitable for censored data when the missing pattern is MNAR (some authors argue the 

utility on MAR), or when the data is highly censored. In the first case, the estimation is 

biased and in the latter, the estimators become unstable. Presently, there is not an 

accurate and easy method to estimate highly censored data.  

2.3 INTRODUCTION TO MACHINE LEARNING 

Machine learning is a framework that can be used to understand the correct analysis 

of data when the statistical problems are large and complex.21,23,39 Characterized by an 

intensive use of computers and algorithms, machine learning extracts information from 
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the data.40 A strength of machine learning is that it does not assume a parametric 

functional form for the relation between inputs and outputs, which allows flexibility in 

models.21,23  

Machine learning can be applied to various research questions and several data 

analysis tasks.40 For example, machine learning can be used in prediction problems such 

as estimating future costs of a patient with multiple myeloma (MM) who had X-number 

vertebral fractures during the last year, or an explanatory inference problem such as 

identifying the predictors of relapses in a MM patient. The first question follows into a 

prediction problem and the later into an explanatory inference problem. Machine learning 

techniques are applicable to both types of questions. However, there is a trade-off 

between interpretability and accurate predictions. The flexibility of ML techniques makes 

them very accurate identifying patterns, but the models play a role of a black-box which 

makes difficult their interpretation.21,23,41 Machine learning has several advantages over 

classical methods, such as increased predictive ability because algorithms do not assume 

a functional form. Machine learning algorithms predict the outcome based on the inputs, 

“ignoring” the functional form, because of the understanding that the relationship 

between inputs and output is complex and unknown.21   

The goals of machine learning techniques are to generalize the results to 

observational units beyond the data used to create the model and to find inputs that best 

predict the outcome.19,21 Machine learning is based on the concept of learning, which is 

the process of acquiring new knowledge and skills from exposure to data.42 The 

algorithm is shaped by previous knowledge as it “learns” by improvement in performing 
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a specific task i.e. prediction, by using techniques to minimize the reducible error.41 The 

algorithm “learns” because it identifies regularities in the observed data that increases the 

generalizability of the data to the population in which we want to make the 

prediction.19,39 In the process of statistical learning, there are three cyclic steps: test, 

predict, and adjust. Due to this cyclic process, the prediction improves after each one of 

the iterations until it reaches a learning plateau.19,21  

Learning can be classified based on feedback or the characteristics of the output. 

Learning based on feedback is classified into three broad categories; supervised learning, 

unsupervised learning, and reinforcement learning.19 In this document we only describe 

techniques for supervised learning. Supervised learning occurs when the learner identifies 

the inputs that best predict the output after receiving feedback on the performance of the 

prediction of the outcome. In unsupervised learning, only information on inputs is 

available. In this scenario, the learner tries to identify a structure of the inputs and to 

“unhide” patterns in data or to cluster data.19 Finally, reinforcement learning is when the 

learner interacts with the environment and receives continuous feedback until it performs 

a task correctly.  

Learning based on classification of the output is characterized by the definition of 

the outcome variable. This classification falls into two categories: regression and 

classification problems (in the case of supervised learning).19 In a regression setting, the 

outcome is a continuous quantitative variable. For example, predicting the future costs of 

a MM patient with bone fractures and renal failure. In the classification setting there is a 

qualitative response, very similar to a logistic regression model and multinomial logistic 
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regression.  In this scenario, we want to predict if the MM patient will or will not have a 

hospitalization during the incoming year. The outcome variable can be defined as either 

binary or multiple categorical responses. In a multiple categories scenario, we could 

predict future stages of the diseases in the patient based on the characteristics currently 

displayed. The versatility of the machine learning techniques allows us to use them in 

regression and classification problems.  

Supervised learning algorithms start with a “training set” with information on inputs 

and outputs. From this training set, a prediction model, learner, or machine is created that 

predicts the outcome on data that the learner did not use yet. The prediction is then tested 

on the “test data”, to check the accuracy of the predictions.19 Next, the learner receives 

feedback from the test data and it tunes until it minimizes the mean square error on the 

test data19,21 i.e. when the learner obtains the most accurate prediction based on the best 

set of predictors. The reason to split the data into training and test is that if we create an 

algorithm using only the training data then we are prone to overfitting which occurs when  

the model learns noise in the training data that affects the performance on new data (low 

generalizability).19,21 When we overfit a model in the training set then the predictability 

of the model in the test data or in other settings is very low (see Figure 1).  

In the following sections, we will describe the most important algorithms and the 

ones that we will use in our methods. These supervised learning algorithms include 

support vector machines, decision trees, ensemble learning (boosting and bagging), and 

generalized additive models. 
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2.3.1 Support Vector Machines 

Support vector machines (SVM) encompass a group of methods designed for the 

classification problem i.e. qualitative response19,21,39,43 and can be extended to multiclass 

and regression problems. The support vectors machines are three methods, the maximal 

marginal classifier, the support vector classifier, and the support vector machine.19,21,43,44 

SVM is founded on the simpler maximal marginal classifier that is useful only when the 

classes are separable by a linear boundary.43 However, perfect separability is uncommon 

in the classification problems so an extension of the maximal marginal classifier is the 

support vector classifier. The support vector classifier method allows for an overlap 

between the classes. Finally, the support vectors machine is a more versatile method that 

accommodates non-linear class boundaries. 

Support vectors machine method is one of the best “out of the box” classifiers  and 

some authors argue SVM is the best supervised learning algorithm, e.g. Ng.45 With 

regards to the prediction problem,  SVM is superior to other classical methods such as 

linear probability model, linear discriminant analysis and logistic regression. 
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Figure 1. Panel A: data simulated from an exponential function (dashed line in blue), 

shown in yellow dots. The possible estimations for the data are shown: linear regression 

(orange curve), smoothing spline flexibility 10 degrees polynomial in green and 

smoothing spline flexibility 15 degrees polynomial in orange. Panel B: training MSE 

(blue), test MSE (purple) and the minimum possible test MSE over all methods (dashed 

line). The most flexible model (orange line) has the minimum MSE in the training dataset 

but not in the test dataset (overfitting).  
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2.3.1.1 Maximal Margin Classifier 

The objective of the Maximal Margin Classifier method is to separate categories 

properly. Depending on the number of dimensions (predictors), the separation could be 

performed using a point, line, plane or a hyperplane.19 In a basic scenario, separating two 

categories in one-dimensional space can be achieved using a point. Separating two 

categories in a two dimensional space, it is achieved using a line. In a 3-dimensional 

scenario categories are separated using a plane. For more than three dimensions (or three 

predictors), a hyperplane is used. Adding dimensions results in increased difficulty and 

the inability to represent the problem graphically. Therefore, a hyperplane is a flat 

subspace of dimension (predictors) minus one (p-1) that do not need to pass through the 

origin.19,21 This hyperplane delimits two subspaces. 

To determine the hyperplane the following equation is used. 

:; + :�=� +  :.=. + :>=> + ⋯ + :@=@ = 0 

The following equations are used to determine each one of the subspaces 

delimited by the hyperplane. 

:; + :�=� +  :.=. + :>=> + ⋯ + :@=@ > 0 

:; + :�=� +  :.=. + :>=> + ⋯ + :@=@ < 0 
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The domain of the outcome variable is {-1,1}, so we could generalize the 

previous two equations into a more general notation seen below. 

D( E:; + :�=(� +  :.=(. + :>=(> + ⋯ + :@=(@F > 0 for all 8 = 1, . . , N 

Due to the fact that the number of hyperplanes that could be fitted to separate two 

categories is infinitive, an optimal separating hyperplane has to be identified. The optimal 

separating hyperplane is the hyperplane that maximizes the distance between the 

hyperplane and the training observations and which generalizes to unobserved data.19,21,45 

The hyperplane can also be defined as the midline between two margins.19,21,45 The 

margin is the distance between the hyperplane and the closest data point. Based on the 

definition of a margin there should not be data points inside the margin, however for 

noisy data (highly mixed categories) more flexibility is needed which requires the use of 

a soft margin classifier.19  The maximal margin classifier method depends on the number 

of parameters (p). A large p can lead to overfitting (lack generalizability). Data points 

that determine the margin are the points closest to the hyperplane, also known as support 

vectors19,21,39,45 because these vectors support the maximal margin hyperplane.  These 

vectors support the hyperplane as the exclusion of one of the vectors will change the 

hyperplane. The data points that are distant to the hyperplane do not play an active role in 

the identification of the hyperplane or the margin.19,21,39,45 

The construction of the maximal margin classifier considers that fact that each 

observation is associated with a class label and the class labels are Y={ -1, +1}. But the 

maximization of the margin (M) requires optimization of the distance between the 
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classes. However, optimization of the margin is not easily achieved because it is not 

convex. However, the maximization of M is equal as the minimization of one half by the 

square of the L2-norm of the vector of X’s (the predictors). So the quadratic optimization 

problem is summarized in the following equations: 

 ‖:‖..�P;,P;Q("       Quadratic objective 

D( (:; + R(-:) ≥ 1, 8 = 1, . . , N      Linear constraints 

However, having separable categories is uncommon, which makes it impossible 

to identify a maximal margin classifier. To overcome this issue, an extension of the 

maximization problem has been developed which uses a soft margin. The scenario in 

which there are non-separable categories that requires the use of a soft margin is called 

support vector classifier.19,21,45 

2.3.1.2 Support Vector Classifier 

In the non-separable case the maximal margin classifier has no solution. 

However, this problem is solved by allowing the linear constraint to have some 

misclassification.19,21 Therefore, the hyperplane that almost separates the classes is 

referred to as a soft margin. This extension of the maximal marginal classifier with a soft 

margin is called support vector classifier.19,21 Allowing the hyperplane to make some 

classification errors decreases sensitivity to changes in single observations and decreases 

overfitting of the training data.  The soft margin classifier is more efficient than the 

maximal marginal classifier because it is more robust and gives better classification of 
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most of the training observations. This soft margin allows for two scenarios: wrong side 

of the margin or wrong side of the hyperplane.  In the support vector classifier method 

the optimization problem is: 

 ‖:‖..�P;,P;Q("       Quadratic objective 

D( (:; + R(-:) ≥ )(1 − T(), 8 = 1, . . , N      Linear constraints 

T( ≥ 0, � T( ≤ V,@
(��

 

C is a positive tuning parameter that is obtained from cross-validation. If C is 

small, we will obtain margins very smalls that will not be violated. If C is larger, the 

margins are wider and more violations will occur.19,21 C bounds the sums of the ε’s. If 

εi>0 then the observation is in the wrong side of the margin. If εi>1 then the observation 

is in the wrong side of the hyperplane. Support vector machines are very efficient 

because the estimation of the hyperplane does not require all observations, instead only 

observations that lie directly on the margin or on the wrong side of the margin for their 

class are needed as support vectors. 

2.3.1.3 Support Vector Machine 

In real life it is very difficult to find scenarios with linear class boundaries. 

Therefore, to overcome this limitation an extension of the support vector classifier is the 

support vector machine which uses kernel trick. The kernel trick is useful when there are 
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non-linearly separated data.19,21,45 In the kernel trick, the input space is transformed into a 

higher dimensional feature space where the data is perfectly separable by a decision 

surface. This projection is performed by a function Φ. An advantage of this method is 

that an explicit definition of Φ is not required.  Additionally, using a kernel reduces the 

computational time dramatically. However, not every function can be a valid kernel and 

we need to satisfy some specific conditions that are out of the scope of this manuscript 

(see Mercer conditions in Friedman21 for more details). In other words, a support vector 

machine is a support vector classifier that uses kernels to separate non-linear classes.19  

2.3.1.4 Support vector machine versus Logistic regression 

Support vector machine and logistic regression sometimes give very similar 

results because the hinge loss function in support vectors machine is very close to the loss 

function used in logistic regression.  In support vector machine, the observations that are 

not close to the margin (correctly classified) are not considered in the calculation of the 

hyperplane. In logistic regression (because of the sigmoidal shape), the loss function is 

asymptotic at zero, and very small for observations far from the decision boundary. In 

general, if the classes are well separated then support vector machines tend to be better 

than logistic regression. However, the accuracy of the prediction will also depend on the 

number of observations and predictors, and the relationship of predictors and outcomes. 

General guidelines for the selection between logistic regression and support 

vector machine requires the consideration of the number of observations (n) and the 

number of parameters (p). If n is large compared to p then logistic regression or support 

vector machine with a linear kernel may be used. If n is small and p is intermediate, then 
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a support vector machine with a Gaussian kernel could be used. If n is small and p is 

large, then logistic regression or support vector machine without a kernel (support vector 

classifier) may be preferred.19 

2.3.1.5 Strengths and limitations of support vectors machine 

Support vectors machine is a versatile method that could be applied to a variety of 

scenarios. While we have covered the application to the classification problem, this 

algorithm can be extended to the regression problem and the multiclass problem. Some 

authors, have shown that variant of SVM can be applied to the calculation of survival 

support vector regression, which performs slightly better  that the Cox proportional 

hazard model, because it does not rely on the assumptions of proportional hazard.46   

Theoretically, SVM are important because support vector machines are robust when 

the number of variables is larger than the number of observations, support vector machine 

could be applied to simple and complex classification problems, and overfitting is not a 

problem if the cross validation process is performed well. Empirically, SVM has shown 

superior results in various studies47-50 and SVM is computationally efficient because it 

uses only a subset of the observations.19,21 

One of the biggest limitations of SVM is a lack of a direct probabilistic 

interpretation. However, some authors had designed a metric of “effectiveness” of the 

classification that accounts for the distance between the data point and the decision 

boundary.19,21 
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2.3.2 Decision trees 

Decision trees are simple graphical representations of a stratification of the 

feature space.51-53 This algorithms use multiple splitting rules to determine relationships 

between independent (1.e. features or attributes) and dependent variables.19,21,51-53 

Decision trees are classified as a supervised learning method, which can also be applied 

to the classification and regression problems. The most appealing feature of this method 

is that they can be used to model non-linear relationships. It is the most common 

supervised learning algorithm because of high accuracy, stability, and ease of 

interpretation of the predictions obtained.19,51-53 

Decision tree resemble trees propagating branches in an upside down position 

(leaves at the bottom). The model starts with a root node that represents the entire 

population used for the predictive modelling. After the root node, the first feature is a 

binary split. Splitting is the process of dividing the population into two or more subnodes. 

The subnodes that define the splitting process are called decision nodes. When no 

additional splits are performed, a terminal nodes or leaves are defined. A group of 

decision nodes are called a branch or subtree. The nodes that divided into subnodes are 

called parent node, and the subnodes of the parent node are called called child nodes to 

reflect the order between splits.  

The decision tree is constructed using two processes defined by the segmentation 

of the feature space. First, the feature space is divided in non-overlapping boxes. Second, 

the value to be predicted is assumed to be the mean value for the box in containing the 

specific values for the independent variables. The goal of the regions (or boxes) is to 
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minimize the residual sum of squares. Because there are infinity numbers of possible 

partitions to be considered, the model uses a recursive binary splitting approach, the 

greedy approach. At each partition of the data the algorithm chooses the best split at that 

particular step not in future steps.19,21  

Decision trees for regression problems assume the following form: 

W(=) = � VQ ∗ 1(Y∈[\)
]
Q��

 

Where, Rm represents the partition of the feature space and Cm is the name for the 

mth class and the summation is over all classes. 

2.3.2.1 Strengths and limitations of decision trees 

Strengths include (1) decision trees are algorithms that can be applied to many 

different scenarios regardless of the type of data (regression or classification problem); 

(2) decision trees can handle quantitative predictors without the need of transforming into 

dummy variables;19,21 (3) decision trees are practical for solving nonlinear relationships 

and the predictions are easy to interpret; (4) decision trees are non-parametric methods 

because no assumptions are made about the functional form of the model; (5) decision 

trees are very useful in data exploration and help with the identification of the most 

significant variables because the hierarchical order ranks variables by importance 

according to their explanatory capabilities; (6) decision trees are not sensitive to outliers 

and missing values, and  requires less data cleaning;53,54 (7) decision trees mirrors human 
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decision making19 and are very easy to explain to non-experts; and (8) decision trees have 

statistical properties that make them attractive such as validation of results using classical 

statistical techniques and robust to collinearity. 

The limitations of decision trees are that they are prone to overfitting and loss of 

information due to the categorization of variables. Overfitting can be addressed by 

pruning and restricting the tree size. However, loss of information is inherent to the 

design of the algorithm so there is no solution. 

2.3.2.2 Split rules in decision trees 

Decision trees find the relationships between variables with multiple splits of the 

data. There are different methods to determine when to split the data and how to prioritize 

the different variables. The objective of splitting is to create nodes as homogeneous as 

possible which is referred to as the purity of the node. High node homogeneity results in 

increased accuracy of the prediction of the dependent variable. The most common 

algorithms that determine when to split the data are: 

• Gini index: This index works for binary dependent variables (classification 

problem) and categorizes data using binary splits. The index ranged from 0 to 1, 

in which 1 means a pure population where all the units have the same outcome. 

Higher Gini Index means more homogeneity (some authors, as James,19 use one 

minus this quantity, and in this case small values are desirable). The algorithm 

always prioritizes homogeneity, so variable ranking to split is dependent on the 

purity of the variable. The Gini index is calculated by first estimating the Gini for 
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subnodes (two) using the probability of “success” squared plus the probability of 

“failure” squared. Then the weighted Gini is estimated for the split using weights 

times the probability of being on the category assigned by the split. This process 

is repeated for all variables and the variable with the higher Gini index is the 

variable used first for splitting. 

• Chi-square: This method works for categorical dependent variables 

(classification problem) but it is not restricted only for binary splits.55 In this 

approach, the split is treated as a contingency table and the Chi square sum 

determines the goodness of the split. The algorithm identifies statistically 

significant differences between the subnodes and the parent node. Methods based 

on Chi-squared are called Chi-squared automatic interaction detection (CHIAD) 

methods. The goal of the algorithm is to choose higher Chi square values. 

• Information Gain: The information gain index works for binary dependent 

variables (classification problem) and only categorizes data using binary splits.21  

In these methods, the concept of purity plays an important role. The measure of 

impurity is entropy, while the measure of purity is called information. If the same 

unit are present across a subspace then entropy is zero, but if the units are divided 

by chance into two groups then the entropy is one. Entropy is calculated with the 

following formula: 

�N7^_`D = −`(a_b.`) − c(a_b.c) 

Where, p is the probability of success in the node and q is the probability of 

failure in the node. The goal of the algorithm is to choose the lowest entropy between the 
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subnode and the parent node. In other words, the algorithm is trying to identify low 

values of entropy or very pure nodes (gaining information). Information gain is described 

by the following formula:  

�NW_^de78_N be8N = 1 − �N7^_`D 

• Reduction in variance: This method works for continuous dependent variables 

(regression problem). The best split is chosen according to the split with less 

variance. The variance is calculated with the usual formula for variance:  

fe^8eNgh = ∑(= − =i).
N  

Where, X is the value for the observation, X-bar is the mean and n is the total 

number of observations. In this method, the variance for each node is calculated and then 

the variance for each split is calculated as the weighted average of each node variance. 

2.3.2.3 Decision trees versus regression linear models 

Decision trees are sometimes a good alternative to classical statistical methods, 

like ordinary least squares (OLS). If the relationship between the dependent and the 

independent variables is linear then the prediction from an OLS model will be better. On 

the other hand, in the presence of non-linearity, decision trees will outperform OLS. In 

terms of interpretability, compared to OLS, decision trees are easier to explain and 

understand due to the graphical representation.19  However, the advantages of decision 

trees over classic methods are limited as decision trees are weak algorithms. Assembling 
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multiple decision trees however could improve the predictive accuracy and model 

stability. 

2.3.2.4 Solutions for overfitting 

Decision trees, if they are not restricted, will fit the training data perfectly, but the 

prediction in the test data will be poor. Overfitting occurs when the growth of the tree is 

not limited which results in one leaf per observation. Approached to reduce overfitting 

include limiting the characteristics of the tree or pruning the tree.  

There are several ways to limit the characteristics of the tree including; determine 

the minimum samples for a node split, determine the minimum number of observations 

per leaf, determine the maximum depth of the tree, determine the maximum number of 

terminal nodes, and determine the maximum features to consider for a split. 

Misspecification of values may result in underfitting the data and poor prediction. This is 

solved by using cross-validation methods.   

Pruning occurs when subnodes of a decision node are removed. Pruning is often 

achieved through a process referred to as “cost complexity pruning”. This method 

incorporates a tuning parameter α and considers a sequence of trees indexed by a non-

negative α value. This parameter controls the trade-off between the subtree’s complexity 

and its fit to the training data.19 α equals zero means the subtree is the same as the 

original tree and no pruning is required. As α increase, trees with a high number of 

terminal nodes tend to have higher training errors. As a result smaller trees are preferred. 
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α is estimated by cross-validation. The idea is to minimize the training error using the 

following formula: 

� � (D( − Dj[\). + k|!|
(:n$∈o\

|-|
Q��

 

Where, T is the number of terminal nodes, α is a penalty for the number of 

terminal nodes, Rm is the subset of predictor space, Dj[\ is the predicted response 

associated with Rm. 

2.3.3 Ensemble Learning 

 Decision trees are weak learners and are limited in their predictive accuracy.56,57 

The results of their prediction have high variance in the estimates, are inferior when 

compared to other approaches, and can easily overfit the data. However, aggregating 

decision tress can improve the predictive capabilities dramatically.56,58 Ensemble methods 

are methods that aggregate decision trees to improve the accuracy of their predictions.56,57  

Ensemble learning is a framework that combines multiple weak algorithms to create a 

strong algorithm. A weak algorithm is an algorithm that performs better than random but 

remains poor. To maximize the advantages and minimize the weaknesses the ensemble 

methods replicate many decision trees and averages (or take the median or mode) their 

results develop a robust estimation.56,57 In this framework there are several 

methodologies, however we will focus on bagging and boosting. 
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2.3.3.1 Bootstrap aggregating (Bagging) 

Bagging is based on the concept of bootstrapping.59 The goal of bootstrapping is 

to create multiple sets of the same number of observations as the original set using 

sampling with replacement to generate sets of the same number of observations as the 

original. The advantage of this technique is that it increases the variation in the ensemble. 

Bagging decreases the variance without increasing the bias.19,59 The average or the mode 

of multiple bootstrapped samples improves the prediction dramatically for the regression 

and the classification problems. This process is performed training multiple weak 

machines in parallel.  

One variation of the bagging technique is random forests.60 In this technique all 

the machinery of bagging is used however the number of predictors is limited to avoid 

correlations between bootstrapped samples.60 In the classification problem only the 

square root of the total number of predictors is available for the split, while the number of 

parameters divided by three is available for the regression problem with a minimum node 

size of five observations. Bagging is a very practical algorithm with highly accurate 

predictions.59 

2.3.3.2 Boosting 

Boosting, used in regression and classification problems, is a powerful machine 

learning algorithm that combines multiple decision trees to improve the prediction 

capability.57,61 The main difference between bagging and boosting is that boosting trains 

the machine in a sequential manner. Boosting identifies the misclassified observations 
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and weight them differently.61 To achieve this, the model starts with a weak classifier and 

then identifies the problematic observations, and misclassified observations receive a 

higher weight.61  Iteration of this process leads to a correct classification of almost all the 

problematic observations. A limitation of this method is that the observations that are 

correctly classified at the beginning receive less weight which may result in an incorrect 

classification of these observations. To overcome this shortcoming, boosting incorporates 

the final classifier but also conducts weighted voting of all classifiers. The most common 

way to perform weighted voting is with the Adaboost approach.48 This approach starts 

with uniform initial sample weights and a final classifier of zero. Then the weak classifier 

is trained to minimize the weighted classification error. 

2.3.4 Generalized Additive Models (GAMs) 

Generalized additive models are extensions of generalized linear models.62,63 In 

GAMs each independent variable is related to the dependent variable in a linear or non-

linear manner. However, each relationship has a different structure that follows a smooth 

pattern. In GAMs all the individual relationships are captured simultaneously to predict 

the global relationship between all the independent variables and the dependent 

variable.62,63 GAMs are called additive models because each functional form is calculated 

separately and then all the contributions are added together. These models are written as: 

b(D() = :; + � W(ER(6F + T(
@
6��
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Where y is the dependent variable, p is the number of parameters, g is the link 

function that links the predictors with the expected value of the dependent variable, and fi 

denotes smooth non-parametric functions. These models are non-parametric by nature, 

because no functional form is imposed. They also offer the possibility of adding 

parametric functions and two-dimensional smoothers. Given that GAMs are extensions of 

GLM it offers the possibility of multiple link functions (i.e. identity, logit, inverse, log, 

inverse squared). However, GAMs do not allow for interactions, a major difference from 

GLMs. 

2.3.4.1 Weaknesses and strengths of GAMs 

A strength of GAMs is that each variable has an interpretation.62,63 Some 

authors19,62,63 define GAMs as a good balance between a completely linear model and a 

fully non-parametric model. GAMS incorporate an ability to control for the smoothness 

of the predictor function which helps to control for noisy relationships. GAMs are can 

incorporate nonlinear functions which confer better predictions capabilities.62,63 Also, the 

flexible predictor functions can uncover hidden patterns in the data. In real world data, 

linear relationships are not very common and although non-linear terms via binning and 

polynomials can be imposed by the researcher with a linear model, this process is 

imposed by the researcher. With GAMs this process is automatic and functions are 

chosen by the model. Regularization is another advantage of GAMs.62,63 The capability of 

controlling the smoothness function helps to avoid overfitting.62,63 Another strength is 

that the smoothness of the function could be summarized via degrees of freedom.19 The 

main limitation of GAMs is that the models are restricted to additive processes, so 
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interactions can be missed. However, this can be solved by manual creation of interaction 

terms or by using two-dimensional smoothers or two-dimensional splines. 

2.3.5 Assessing model accuracy 

To identify the best model we have to measure the quality of the fit of each one 

the models and then compare and decide which one is the best model (only apply to ML 

techniques). In order to determine how well our model is fitting the data, we need to 

compare how well the predictions matched the observed data. In the regression problem, 

usually this task is performed using mean squared errors. However, there are two possible 

mean square errors (MSE): the MSE from the training data and the MSE of the test data.  

)�� = 1
N �(D( − W� (R()).

"

(��
 

In general, calculating the MSE of the training data does not imply a challenge, 

however it lacks of importance when deciding the fit of the data in the prediction. What 

we really want to minimize is the MSE in the test data. Despite of, knowing the real 

values of the missing data in our model, we want to create a scenario as close as possible 

to the reality and base our model selection in criteria normally used in ML. The MSE on 

the test data will be called average squared prediction error and we want the model in 

which this number is the smallest one.   

�fh = (D( − W�(R;)). 
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The reason why the MSE from the training data is not a good parameter is 

because it decreases monotonically as the flexibility of the model increases but the MSE 

on the test data may not decrease, this lead us into the scenario when overfitting is a 

problem. To avoid overfitting we focus our efforts to decrease the average squared 

prediction error.  

2.3.6 The bias variance trade off 

When we try to minimize the AVE, we have to keep in mind that there are three 

components of it: the variance of the predicted f(X0), the squared bias of the predicted 

f(X0), and the variance of the error terms T. 

�(D( − W�(R;)). = pe^(W�(R;)) + [�8er (W� (R;))]. + pe^(T) 

From the previous equation, we can see that in order to minimize AVE we need to 

have low variance and low bias at once, because the error is irreducible. Variance is the 

change on W � when we use a different training data set. Bias is the amount included in the 

model because of a simplification of it (low dimensionality). When we use more flexible 

statistical methods (higher dimensions) then we will have higher variance but less bias. 

On the other hand, rigid methods have less variance but higher bias. As we increase the 

flexibility (increasing the number of predictor) the bias will decrease faster (remember it 

is squared) than the increase in variance. In general, these different rates (bias and 

variance) produce a U-shape of the AVE, so at low flexibility of the model, and at high 

flexibility of the model the AVE is high, the goal is to find the flexibility at which the 

AVE is the lowest. This relationship between bias and variance is denominated in the 
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literature as the bias-variance trade off. In real life, we do not have a measure of the 

flexibility, bias or variance, so we need to calculate the MSE of the test data using the 

training data using a cross-validation method. 

2.3.7 Cross validation method 

Given that the test error is not always measurable, then we need a way to estimate 

the test error rate. It has been described three different methods: the validation set 

approach, leave-one-out cross-validation and the k-fold cross-validation.19,21 Of all these 

three methods the k-fold cross-validation provides an approach that is good from a bias-

variance trade-off and that is not very computational demanding.19,21 In this method, we 

randomly divide the dataset into t groups or folds of equal size. In the literature, we 

found that 5 to 10 folds are typically performed. For example (see Figure 2), in a 7-fold 

cross validation the data is divided in two groups a training set and a validation set; the 

training set is 6/7 of the total sample and the remaining 1/7 is the validation set. This 

process is repeated seven times and the validation set is a non-overlapping group for each 

time.  

This procedure will results in seven estimates of test error, then an average of 

these values is calculated to obtain the test error. A generalization of this procedure is 

described by the following formula. 

Vp(�) = 1
t � )��(
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This formula could be also estimated when we want to solve a classification 

problem. We calculate the number of misclassified observations, where �^ (̂ = �(D( ≠
Dj() 

Vp(") = 1
N � �^ (̂

"

(��
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Figure 2. Graphical representation of a 7-fold cross validation method. In white, the 

original dataset, and from this dataset we generate seven different datasets. Each dataset 

is divided in 2 groups; training set (in orange) and a validation set (in blue). See that the 

validation set is a non-overlapping sample.   

1
, 

2
, 

3
, 

…
n

1 2 3 4 5 6 7



42 

 

2.4 MULTIPLE MYELOMA (MM) 

Multiple myeloma (MM) is a cancer derived from plasma cells.64 Plasma cells (also 

known as plasmocytes) are fully differentiated lymphocyte B that produces antibodies, 

which play an essential role in the human body immunocompetence.64 The growth 

dysregulation of these plasmatic cells in the bone marrow produces a mass called 

plasmocytoma. The presence of multiple plasmocytomas in the body is what 

characterizes MM.  

While MM has low prevalence, it has an important morbidity and mortality. MM is 

the second most common hematologic malignancy in adults (15-20% of all hematologic 

malignancies).65 The highest incidence of the disease occurs in Australia /New Zealand, 

Europe and North America.65 According to the American Cancer Society and the 

National Cancer Institute, the lifetime risk of developing multiple myeloma is 0.7-0.8%.65 

According to the American Cancer Society, the incidence of multiple myeloma in the 

United States in 2017 was found to be 1.8% of all new cancer cases, representing 30,280 

new cases (17,490 in men and 12,790 in women). In 2014, the prevalence estimates were 

118,539 people living with MM in the United States.  

Multiple myeloma accounts for a 0.9% of all cancer deaths.65 In 2017, about 12,590 

deaths are expected to occur due to MM (6,660 in men and 5,930 in women). According 

to the National Cancer Institute the 5-years survival with MM is 49.6%. However, other 

reports indicate less favorable survival. Becker et al reported an average 5-year survival 

about 15–20% with a wide range of survival between some few years to 10 years or 

more.65 The survival has changed dramatically during the past two decades from a 
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median length of survival after diagnosis of approximately three years in 200466 to about 

six years in 2015 (NCI). Although the incidence of the disease has not changed during the 

last decade (5.7-6.7 new cases per 100,000 people), the death rates have been decreasing 

on average, i.e. 0.7% each year since 2004; from 3.6 deaths per 100,000 people in 2004 

to 3.3 deaths per 100,000 people in 2014 (NCI).  

Although the cause of this disease remains unknown it has been associated with 

familial predisposition, alcohol consumption and very strongly associated with tobacco 

and obesity.65 The risk factors associated with the disease include: Age (older than 65 

years have 12 to 16 times higher risk of developing MM), sex with 1.5 higher incidence 

in males, race with 2-3 times higher incidence in African Americans compared to whites 

and genetic predisposition with a positive family history with 1.5 to five times higher 

incidence.65 The symptomatology of the disease varies among patients and the stage of 

the disease. Many patients remain asymptomatic or with non-specific signs and 

symptoms, which does not allow its diagnosis until it is advanced. The most common 

symptoms of MM at diagnosis are pain and fatigue.67 Other symptoms include bone pain 

(more frequently in the vertebrae and ribs), fever, fatigue, constipation, hypercalcemia, 

weakness, weight loss, opportunistic infections, numbness or tingling, hematomas or 

bleeding and renal failure.  

During the last decade the diagnosis and treatment of the disease has been 

advancing dramatically. This improvement is due to more specific biomarkers for MM, 

improvements in the staging system, and new more effective drugs.67 The current 

diagnosis criteria indicated by the International Myeloma Working Group for MM 
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includes: Clonal plasma cells >10% on bone marrow biopsy or in a biopsy from other 

tissues, in addition to one or more myeloma defining events (MDE). An MDE includes 

the following four possibilities: Clonal bone marrow plasma cell percentage ≥60%, more 

than one focal lesion on magnetic resonance imaging (MRI) studies (at least 5mm in 

size), uninvolved serum free light chain (FLC) ratio ≥100 (involved free light chain level 

must be ≥100 mg/L), and evidence of end organ damage that can be attributed to the 

underlying plasma cell proliferative disorder. The evidence of end organ damage could 

be identified by the four different manifestations: Hypercalcemia (C=elevated calcium), 

renal insufficiency (R), anemia (A), and bone lesions (B). This organ damage is 

commonly referred to by the acronym CRAB. After the diagnosis is made, all patients 

with symptomatic MM should receive treatment however there is no evidence of better 

outcomes of treating asymptomatic patients.66  

Treatment of MM depends on the stage of the disease, and includes chemotherapy 

and targeted therapy drugs, radiation therapy, and stem cell transplants. Treatment of 

newly diagnosed patients could be classified into four different phases: Initial therapy, 

stem cell transplantation, consolidation/maintenance therapy, and treatment of relapse.67 

In general, the initial therapy consist of one of the following four regimes: lenalidomide 

plus  in combination with dexamethasone (Rd), bortezomib, lenalidomide, 

dexamethasone (VRD), bortezomib, thalidomide, dexamethasone (VTD), and 

bortezomib, cyclophosphamide, dexamethasone (VCD). The two preferred regimes for 

patients’ candidate to analogous stem cell transplant are VRD and VTD.67 Before the 

starting of the chemotherapy regime, the patient’s peripheral blood stem cells are 

collected. The purpose of chemotherapy with or without radiation the goal is to block the 
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growth of cells and destroy cancer cells. After four cycles of the initial therapy, a 

transplant is performed and the peripheral stem cells are transfused back to the host. A 

couple of weeks after the transplant the graft will start to produce red blood cells, white 

blood cells, and platelets. The transplantation is then followed by the maintenance 

therapy. In this treatment phase, the patient receives lenalidomide and bortezomib for 12 

to 18 months. The determination of the appropriate regime is based on several factors that 

include: Drug availability, response to prior therapy, aggressiveness of the relapse, 

eligibility for ASCT, and if the relapse occurred on or off therapy.67  

There are few cost-of-illness studies in multiple myeloma. A general estimation of 

the annualized cost per patient per month was $43,495 ($68,614).68 Chen et al.69 

determined the cost effectiveness of the front-line novel agent-based therapy using 

SEER-Medicare. They identified a total of 2,551 from 2000 to 2009, tpatients with 

advanced MM who initiated novel agent-based therapy (bortezomib, lenalidomide, or 

thalidomide) or chemotherapy. The average 12-month MM total costs were $144,665 for 

novel agent-based therapy and $47,750 for chemotherapy. However, there is a need for 

further cost studies in multiple myeloma accounting for longitudinal data and censoring. 

MM is a good scenario to study the problem of censored costs data for several 

reasons. First, using SEER-Medicare we can have access to the clinical characteristics 

and demographic variables. Second, SEER-Medicare also has complete information on 

deaths. Third, we can have uncensored data; censored data in this dataset is due to end of 

follow-up and not by early attrition so assuming non-informative censoring is a safe 

assumption. Fourth, MM patients have a poor  prognosis, so we can observe complete a 
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follow-up of the cohort in shorter periods of time. Fifth, it is a well-known disease with a 

well-established disease progression.  
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3 UTILITY OF SEER-MEDICARE DATA 

Data source 

The Surveillance, Epidemiology and End Results (SEER)-Medicare database will 

be used for the purpose of this analysis. 

SEER 

The SEER program started in 1973 as a surveillance system for cancer patients in 

order to collect information on incidence and survival. This dataset contains information 

from 18 different registries in the United States including: Atlanta, Connecticut, Detroit, 

Hawaii, Iowa, New Mexico, San Francisco-Oakland, Seattle-Puget Sound, Utah, Los 

Angeles, San Jose-Monterey, Rural Georgia, the Alaska Native Tumor Registry, Greater 

California, Greater Georgia, Kentucky, Louisiana, and New Jersey. Although some 

variations exist by registry, complete data exist for the entire 18 registries since 2000. 

These registries capture information for 28% of the US population and the demographic 

characteristics from the patients in the registry are comparable to the US population, 

except for measures of poverty and education; where SEER underrepresents individuals 

from low socioeconomic background. The SEER registries contain a higher proportion of 

foreign-born individuals than the general US population, 17.9% vs. 12.8% respectively. 

The registries contain information on patient demographics, primary tumor site, tumor 

morphology and stage at diagnosis, first course of treatment, and follow-up for vital 

status. The mortality data reported in SEER are provided by the National Center for 

Health Statistics. The SEER registry does not capture information on screening 
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procedures, or comorbidities. However, this information can be obtained by linking it 

with other sources of data. SEER-Medicare Linked Database, SEER-Medicare Health 

Outcomes Survey Linked Database, and SEER-Consumer Assessment of Healthcare 

Providers and Systems (SEER-CAHPS) Linked Data Resource.  

Medicare  

The Medicare claims file contains information regarding the payment of services 

to health care services providers by Medicare. Medicare beneficiaries are eligible for 

benefits under the following conditions: if they are 65 years or older, under 65 and 

suffering from a disability and people of all ages with end-stage renal disease (ESRD). 

Medicare consists of four parts: Part A covers inpatient care; Part B covers outpatient 

care and Part D covers prescription drugs (some drugs are covered in Part B). Part C is a 

type of supplementary insurance that allows private health insurance companies to 

provide Medicare benefits (also known as Medicare Advantage Plans) to beneficiaries 

who choose to opt for it. Part C includes all the benefits of Parts A and B and extra 

benefits that vary from plan to plan. 

The claims capture the following information: procedure and diagnosis 

information, dates of service, revenue center detail, payment and charge amounts, 

beneficiary demographic information, and limited professional provider and facility data. 

The SEER-Medicare data is a linkage between two datasets aimed at capturing 

information regarding a cancer diagnosis among Medicare beneficiaries. It consists of 
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two components, the SEER data files and the Medicare data files. The Medicare files 

provide information on patient healthcare utilization by the point of service e.g. inpatient, 

outpatient, home-health, hospice etc. According to the National Cancer Institute, around 

93% of the individuals present in the SEER files can be linked to their Medicare records 

using the Medicare enrollment file. Each individual can be linked across the different 

files (see files on Table 1) using the SEER case ID number. This number consists of an 

8-digit case number and a 2-digit registry ID which when combined; uniquely identify 

each individual in the data. The SEER-Medicare data consist of individuals with cancer 

and a random sample of Medicare beneficiaries who do not have cancer. The sample of 

non-cancer individuals are is a 5% sample of Medicare beneficiaries residing in the 

SEER areas.  The linkage for these individuals is done using an encrypted Health 

Insurance Claim number common to both files 

The SEER-Medicare dataset can be divided primarily consists of   entitlement 

data files and claims data files. The entitlement data can further be broken down into two 

kinds of files: the Patient Entitlement and Diagnosis Summary File (PEDSF) and the 

Summarized Denominator (SUMDENOM) File, for cancer patients and non-cancer 

patients, respectively. The claims data files consist of eight datasets: Medicare Provider 

Analysis and Review (MEDPAR), Carrier Claims (old name Physician/supplier (NCH), 

Outpatient (OUTPT), Home Health Agencies (HHA), Hospice, Durable Medical 

Equipment (DME), Part D Event (PDE) and the Chronic Condition flags. The most 

recent data for the Entitlement Data file is 2013. The Claims data Files were last updated 

in 2014. Complete information on all ten datasets is available since 2007; which was the 

year when PDE was incorporated. 
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Data Files Available through SEER-Medicare  

• Cancer Cases: Patient Entitlement and Diagnosis Summary File (PEDSF) 

This cross-sectional file (one record per person) contains diagnostic and demographic 

information on the cancer cases. This includes: location of the registry, source of date of 

death, agreement between SEER and Medicare in death of birth and death of death, date 

of death (if any), sex, race, reason for entitlement, zip code (five digits), urban, census 

tract poverty indicator, dual eligibility, enrollment flags for Part A and B, marital status, 

age at diagnosis, histology of the tumor, grade, diagnostic confirmation, death cause, 

survival months, among others.  

• Non-cancer Cases: Summarized Denominator (SUMDENOM) File 

This cross-sectional file (one record per person) contains information on the non-

cancer Medicare beneficiaries. These patients are identified from a 5% random sample of 

Medicare beneficiaries that live in the same areas as the SEER-Medicare cases and that 

are not in the registry. To prevent double counting, beneficiaries who may appear in the 

PEDSF file and in the 5% sample have been removed from the SUMDENOM file. This 

file can be linked with the Medicare claims using the HIC (Patient ID) number. This file 

consists of the following variables: date of birth, date of death, sex, race, reason for 

entitlement, dual eligible, registry, zip code (five digits), urban status, enrollment flags 

for Part A and B, and marital status. 

• Medicare Provider Analysis and Review (MEDPAR) 
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This file consolidates the inpatient hospital or skilled nursing facility (SNF) claims 

data. Each row is a patient admission to a Medicare-certified hospital or SNF.  Each 

record contains up to 10 ICD-9 codes and up to 10 ICD-9 procedures. A single MEDPAR 

record reflects a summary of all care provided during an institutional stay, unless the stay 

was long, in which case there may be more than one claim per stay. The biggest 

limitation with the file is that the record on a specific update does not necessarily 

represent the final coding or payment information for the stay, because not all the 

adjustments are captured.  This file contains information on: demographic, length of stay, 

admission date, discharge date, utilization day count, coinsurance charges, deductible 

charges, drug price, total charge amount, Medicare payment amount, place of the service 

(intensive care unit, coronary care unit, etc.), radiology charge amount, emergency room 

charge amount, diagnosis codes, and procedural codes, among others.  

• Carrier Claims (old name Physician/supplier (NCH) 

The Physician/supplier Part B consists of claims from physicians and also from other 

non-institutional providers such as physician assistants, social workers, nurses, 

independent clinical laboratories, ambulance providers, and stand-alone ambulatory 

surgical centers. Each record is a service, but each individual could have multiple records 

for the same date of service. Each service includes a Health Care Procedure Classification 

Code (HCPCS) and its ICD-9 diagnosis code that is the diagnosis reason for the 

procedure.  This file contains: claim type code, claim from date, claim through date, 

specific characteristics of the provider, diagnosis codes, among others. 

• Outpatient (OUTPT) 
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The outpatient file contains Part B claims from all institutional outpatient providers 

for each calendar year. Each record is a service, but each individual could have multiple 

records for the same date of service. This file contains: claim type code, claim from date, 

claim through date, specific characteristics of the provider, HCPCS, coinsurance, 

deductibles, payment amount, ICD-9 diagnosis and ICD-9 procedural. 

• Home Health Agencies (HHA) 

The HHA file contains all claims for home health services. Some of the information 

contained in this file includes the number of visits, type of visit (skilled-nursing care, 

home health aides, physical therapy, speech therapy, occupational therapy, and medical 

social services), diagnosis (ICD-9 diagnosis), the dates of visits, reimbursement amount, 

HHA provider number, and beneficiary demographic information. 

• Hospice 

This files contains data form Hospice providers. This includes claim type code, claim 

from date, claim through date, HCPCS, claim total charge amount, claims for attending 

physician, and ICD-9 diagnosis (up to 25). 

• Durable Medical Equipment (DME) 

This file contains data submitted to Durable Medical Equipment Regional Carriers 

(DMERCs). Some of the information contained in this file includes diagnosis, (ICD-9 

diagnosis), services provided (HCFA Common Procedure Coding System (HCPCS) 

codes), dates of service, reimbursement amount, DME provider number, and beneficiary 

demographic information. This includes claim type code, claim from date, claim through 
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date, oxygen use, HCPCS, claim total charge amount, deductibles, coinsurance, oral anti-

cancer drugs, and ICD-9 diagnosis supporting the procedure. 

• Medicare Part D Data (PDE) 

This file includes information about drug utilization. This file contains information 

only after 2007. This file contains information about the drug as: quantity dispensed, 

days’ supply, patient payment amount, gross drug cost, drug strength, generic name, 

formulary tier, quantity limits, step therapy, and prior authorization. 

• Chronic Conditions flags 

This file includes three types of flags for each condition: yearly, mid-year, and ever 

flags to indicate the presence or absence of 27 conditions. This flags are reliable only in 

the case that the patient has Part A and B continuous enrollment. The 27 conditions are: 

acquired hypothyroidism, chronic kidney disease, acute myocardial infarction, chronic 

obstructive pulmonary disease, Alzheimer's disease, depression, Alzheimer's disease 

related disorders or senile dementia, diabetes, anemia, glaucoma, asthma, heart failure, 

atrial fibrillation, hip / pelvic fracture, benign prostatic hyperplasia, hyperlipidemia, 

colorectal cancer, hypertension, endometrial cancer, ischemic heart disease, breast 

cancer, osteoporosis, lung cancer, rheumatoid arthritis / osteoarthritis, prostate cancer, 

cataract, and stroke / transient ischemic attack.  

Limitations of SEER-Medicare 
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Although the many advantages already listed, there are some drawbacks on this 

dataset. This dataset do not include claims for HMO enrollees, so information of private 

insurance patients is not covered. When the service was provided in other settings, the 

dataset misses that information, such as the Veterans Administration. In this dataset, we 

will not capture care for persons with Medicare as the secondary payer (in some cases). 

Researcher does not have access to information on out of pocket expenditures or 

coverage provided by Medigap policies. Additionally, Medicare does not cover long-term 

care at home or in a nursing home; and there is not information on routine physicals. 

Multiple Myeloma Variables  

We will include patient characteristics at the diagnosis (see Table 2). The 

variables we considered were: patients’ age at diagnosis, race/ethnicity (white non-

Hispanic, African American non-Hispanic, Hispanic or other), marital status, SEER 

geographic region (Northeast, Midwest, South, West) and rural vs. metropolitan, 

diagnosis year, and comorbidity (Charlson Comorbidity Index(CCI)) using SEER and 

Medicare claims data.  We will also include functional status using proxy measures for 

disability status, i.e., wheelchair use, hospitalizations or hospice stay.  Overall survival 

will be calculated using the date of death minus the death of diagnosis. For date of death 

we will use the Medicare date of death that is the one reported to Centers for Medicare & 

Medicaid Services by Social Security Administration. Type I censoring (censoring due to 

end of follow-up) will occur if death does not occur before December 31th, 2013 (last 

day of follow-up). We will also include geographic characteristics of the ZIP code where 

the beneficiary resides. We will do this using ZIP codes (five digits) and linking to census 
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tract data. We will characterize educational attainment and household income by patients’ 

census tract. Burden of MM will be characterized using CRAB symptoms (calcium, 

renal, anemia, bone) at diagnosis. 
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Table 1. SEER-Medicare: Summary Table of available Medicare data files for cancer & 

non-cancer cases 

File Name 
Data available for 

Cancer Cases  

Data Available for 

Non-Cancer Cases 

(5%) 

Entitlement Data 

Cancer Cases: Patient 
Entitlement and Diagnosis 
Summary File (PEDSF)  

Cancer cases 
diagnosed 

between1973-2013  

N/A 

Non-cancer Cases: 
Summarized Denominator 
(SUMDENOM) File  

N/A 1991-2013 

Claims Files 

Medicare Provider Analysis 
and Review (MEDPAR) 

1991-2014 1991-2014 

Carrier Claims (old name 
Physician/supplier (NCH)) 

1991-2014 1991-2014 

Outpatient (OUTPAT) 1991-2014 1991-2014 
Home Health Agencies 
(HHA) 

1991-2014 1991-2014 

Hospice 1991-2014 1991-2014 
Durable Medical Equipment 
(DME) 

1994-2014 1994-2014 

Part D Event (PDE) 2007-2014 2007-2014 
Chronic Condition Flags 1999 – 2014 1999 - 2014 

* Cancer cases from expansion registries are diagnosed in 2000 or later.                              

Source: National Cancer Institute, SEER-Medicare Linked Database 
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Table 2. Multiple Myeloma Variables and the SEER-Medicare file where it is located. 

Measure  Source 

Diagnosis PEDSF 
Demographic characteristics (age and 
race/ethnicity) 

PEDSF 

Clinical characteristics (comorbidities, and 
functional status) 

PEDSF, SUMDENOM, MEDPAR, NCH, 
OUTPT, HHA, DME (for any equipment 
indicating function) 

MM directed Therapy (date and type)  MEDPAR, NCH, OUTPT, HHA, and 
DME (for any equipment used for therapy)  

- Chemotherapy & biologic therapy MEDPAR, NCH, OUTPT 
- Transplant MEDPAR, NCH,  
- Radiotherapy MEDPAR, NCH,  
- Surgery MEDPAR, NCH 

Procedures  MEDPAR, NCH, OUTPT, HHA, and 
DME (for any equipment used for therapy),  

Endpoint (cause of death) PEDSF 
Geographic Characteristics PEDSF 
Burden of MM (CRAB symptoms) MEDPAR, NCH, OUTPT, HHA, DME 

(for any equipment used for therapy), and 
Hospice  
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4 STUDY AIM 1 

4.1 ABSTRACT 

Objectives: Several approaches to deal with missing data exist; they can be suboptimal 

and affect decisions on the value for money of healthcare interventions. Our objective 

was to compare existing techniques for dealing with missing cost cross-sectional data and 

identify scenarios for selecting one technique versus another (i.e. generalized linear 

models (GLM)) against machine learning (ML) methods. 

Methods: We identified a cohort of individuals diagnosed with multiple myeloma in the 

US from 2007-2013 using Surveillance, Epidemiology and End Results (SEER) – 

Medicare database, consisting of cancer registry data linked to Medicare claims. Total 

medical costs (six months post-diagnosis) were estimated as the sum of all inpatient and 

outpatient claims. The resulting variable was artificially missing for 30% of the patients 

across different missingness patterns. Using GLMs and ML approaches (decision trees, 

random forests, boosting, generalized additive models (GAMs), and support vectors 

machines (SVM)), we predicted the missing values for the artificially censored 

observations and compared the predicted values to the true observed values.  

Results: The study included 9,343 multiple myeloma patients. The mean total six month 

costs after diagnosis was $50,993 (n=9343) and SD $41,293. In the MCAR scenario, the 

prediction of ML methods was $50,717 (95% CI $49,758-$51,860) for decision trees, 

$51,300 (95% CI $50,437-$51,937) for random forest, $50,463 (95% CI $49,408-

$51,471) for boosting, $50,859 (95% CI $49,806-$51,954) for GAM, and $50,580 (95% 
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CI $49,583-$51,464) for SVM. The prediction for the GLM was $50,542 (95% CI 

$49,868-$51,216). The procedure times differed between the methods. The GLM 

procedural time was 39 seconds. For ML methods, the procedural time was higher. The 

procedural time in seconds of decision trees, random forest, boosting, GAM, and SVM 

was 41s, 3079s, 159s, 4s, and 1691s respectively. In the MAR scenario, we found no 

statistically significant differences between ML and the true value. All the ML algorithms 

performed very similar with boosting, and classification and regression trees having the 

most accurate predictions. SVM and random forest performed very similar with a smaller 

advantage for SVM. The worst prediction was made by GLM and the differences with 

the true value were statistically significant.  

Conclusions: We analyzed the performance of ML in different scenarios and 

independent of the scenarios, ML gives the best predictions and although the procedural 

times are greater, they solve the problem in less than one hour.  

Key words: Machine Learning, Costs and Cost Analysis, Supervised Machine Learning, 

Multiple Myeloma, Neoplasms. 
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4.2 INTRODUCTION 

Missing data is a major challenge in health outcomes research specifically in 

retrospective analysis of claims. Cost analysis can be biased if the mechanism of 

missingness is different from missing completely at random70-72 and can mislead resource 

allocation decisions.71 Some researchers discard the missing observations; however, this 

produces loss of information (affects precision) and potentially biased results.73 Several 

alternatives to minimize this problem exist but they are inadequate in some scenarios and 

there is additional room for more guidelines in non-clinical trials data.71   

There are three possible mechanisms of missingness: missing completely at random 

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

mechanisms were described by Rubin38 who proposed a hierarchical desirability of 

missing data mechanisms35 with MNAR as the least preferred.  Each one represents a 

different challenge, and the identification of the mechanisms of missingness is crucial in 

order to select the best approach to adjust for missing values.11,35,37 MCAR occurs when 

the probability of the observation being missing is independent of the value of the 

response variable, given some covariates.35,38  MAR occurs when the probability of the 

observations to be missing is independent of the unobserved outcome variable, but 

conditional on the observed outcome variable and covariates.35,38 MNAR occurs when the 

probability of the observation being missing is dependent of the value of the response 

variable. 
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Two common naïve ways to tackle the problem of missing data have been used in 

the past: the full sample analysis and the complete-case analysis. The full sample analysis 

ignores the missingness and analyzes the data as if the observed data represent complete 

observations.8 Complete case analysis uses only the observations with complete 

information for the outcome variable. Other more complex methods exist: mean-value 

imputation and the regression-based imputation. In the mean-value imputation, the mean 

of the non-missing cases is used to fill the missing observations. Regression-based 

imputation uses the non-missing observations to predict the values of the missing 

observations using regression analysis (usually uses a generalized linear model GLM). 

Only the regression based imputation can be used for data that is MAR and MCAR. For 

mean value imputation, full sample analysis and complete-case analysis, MCAR must be 

assumed. Given the limitations and restrictions of the existing methods more flexible 

models are required to obtain more precise and accurate estimations. 

The problem of missing data could be seen as a predictive modeling problem. 

Machine learning (ML) methods have been used because of their high accuracy in 

predicting outcomes (e.g. cancer screening74, diagnosis75, natural language processing76, 

resource utilization77). ML use algorithms to perform tasks by learning from data to 

predict to “unexposed” data. That learning allows computers to correctly generalize to 

new settings. A strength of ML is that it does not assume a parametric functional form for 

the relationship between inputs and outputs, which allows more flexibility in models.21,23 

In other words, these algorithms improve the fitting of models because they do not rely 

on the regression classic assumptions (linearity, and homoscedasticity).  
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The objective of this paper is to compare the existing techniques for dealing with 

missing cross-sectional data (i.e. generalized linear models (GLM)) against ML (decision 

trees, random forests, boosting, generalized additive models (GAM), and support vectors 

machines (SVM)). The remainder of this paper is organized into four parts. The next 

section introduces ML and the algorithms we used. Second, we provide an empirical 

example of the application of ML in real-world data. In this example, we predicted the 

six-month costs of patients with multiple myeloma, comparing the predicted costs of 

different algorithms with the observed costs. The last two sections provide discussion and 

suggest implications of the main results of this paper. 

4.2.1 MACHINE LEARNING METHODS  

ML refers to the process of acquiring new knowledge and skills from exposure to 

data.42 Learning based on feedback is classified into three broad categories; supervised 

learning, unsupervised learning, and reinforcement learning.19 Our study focused on 

techniques for supervised learning. Supervised learning occurs when the learner identifies 

relevant inputs and selects the functional form that best predicts the output after receiving 

feedback on the performance of the predictions with observed cases. In the supervised 

learning scenario, the dependent variable could be continuous or categorical. This 

taxonomy divides the algorithms into two categories: regression and classification 

problems, respectively.41 For example, the prediction of the 5-year costs of patients with 

cancer will fall in the category of a continuous ML problem. On the other hand, 

predicting stages in cancer is a classification problem. 
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4.2.1.1 Decision trees  

Decision trees are simple graphical representations of data stratification.51-53 

These algorithms use sequential splitting rules to determine relationships between 

independent (i.e. features or attributes) and dependent variables.19,21,51-53 Modern 

nomenclature refers to decision trees as classification and regression trees (CART). The 

most appealing feature of this method is that they can be used to model non-linear 

relationships maintaining the ability to interpret the relation among inputs and output 

through splitting rules. It is one of the most common supervised learning algorithm 

because of stability, and ease of interpretation of the predictions obtained.19,51-53 CART 

are considered weak learners as their predictive performance is limited and can easily 

over-fit the data.56,57 Overfitting occurs when the model learns noise in the training data 

that affects the performance on new data (low generalizability). Aggregating decision 

tress can improve the predictive capabilities dramatically.56,58 Ensemble learning is a 

framework that combines multiple weak algorithms to create a strong algorithm.56,57 To 

maximize the advantages and minimize the weaknesses the ensemble methods replicate 

many decision trees and compile them to develop a robust estimation.56,57 Common 

ensemble methods are boosting and bagging.41 

4.2.1.2 Boosting  

Boosting, used in regression and classification problems, is a powerful ML 

algorithm that combines multiple weak learners (e.g. decision trees) to improve the 

prediction capability.57,61 The main difference between bagging and boosting is that 

boosting trains the machine in a sequential manner while bagging does it in parallel. 
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Boosting identifies the misclassified observations and weight them differently.61 To 

achieve this, the model starts with a weak classifier and then identifies the problematic 

observations, and misclassified observations receive a higher weight.61  Iteration of this 

process leads to a correct classification of almost all the problematic observations. A 

limitation of this method is that the observations that are correctly classified at the 

beginning receive less weight, which may result in an incorrect classification of these 

observations. To overcome this shortcoming, boosting incorporates the final classifier but 

also conducts weighted voting of all classifiers. The most common way to perform 

weighted voting is with the Adaboost approach.48 This approach starts with uniform 

initial sample weights and a final classifier of zero. Then the weak classifier is trained to 

minimize the weighted classification error. 

4.2.1.3 Bagging and Random forests  

Bagging is based on the concept of bootstrapping59 where the goal is to create 

multiple sets of the same number of observations as the original set using sampling with 

replacement. The advantage of this technique is that it increases the variation in the 

ensemble and reduces the sub-optimality of the sequential methods by creating different 

starting points. Bagging decreases the variance of the estimation without increasing the 

bias.19,59 The average or the mode of multiple bootstrapped samples improves the 

prediction dramatically for the regression and the classification problems. This process is 

performed by training multiple weak machines in parallel, if we bagged multiple decision 

trees each decision tree is trained independent of each other. One variation of the bagging 

technique is random forests.60 In this technique, the machinery of bagging is used, but the 
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number of predictors is limited to avoid correlations between bootstrapped samples.60 In 

the classification problem, only the square root of the total number of predictors is 

available for the split, while the number of parameters divided by three is available for 

the regression problem with a minimum node size of five observations. Bagging is a very 

practical algorithm with highly accurate predictions.59 

4.2.1.4 Generalized additive models  

GAMs are extensions of generalized linear models.62,63 GAMs are called additive 

models because each functional form is calculated separately and then all the 

contributions are added together. In GAMs each independent variable is related to the 

dependent variable in a linear or non-linear manner. However, each relationship has a 

different structure that follows a smooth pattern. In GAMs all the individual relationships 

are captured simultaneously to predict the global relationship between all the independent 

variables and the dependent variable.62,63 These models are non-parametric by nature, 

because no functional form is imposed. They also offer the possibility of adding 

parametric functions and two-dimensional smoothers. Given that GAMs are extensions of 

GLM they offer the possibility of multiple link functions (i.e. identity, logit, inverse, log, 

inverse squared).  

4.2.1.5 Support vector machines  

Support vector machines (SVM) encompass a group of methods designed for the 

classification problem i.e. qualitative response19,21,39,43 and can be extended to multiclass 

and regression problems. SVM is founded on the simpler maximal marginal classifier 
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that is useful only when the classes are separable by a linear boundary.43 However, 

perfect separability is uncommon in the classification problems so an extension of the 

maximal marginal classifier is the support vector classifier. The support vector classifier 

method allows for an overlap between the classes. Finally, the support vectors machine is 

a more versatile method that accommodates non-linear class boundaries.21 

The support vectors machine method is one of the best “out of the box” classifiers 

and some authors45 argue SVM is the best supervised learning algorithm. With regards to 

the prediction problem, SVM is superior to other classical methods such as linear 

probability model, linear discriminant analysis and logistic regression. 

4.3 METHODS 

We used patient-level data from the linked Surveillance, Epidemiology and End 

Results (SEER)-Medicare claims database. We identified patients with diagnosis of 

multiple myeloma between 2007 and 2013 with claims available from 2006 to 2014. 

Patients were required to be ≥65 years old, continuously enrolled in Part A and B during 

the previous year of the diagnosis, and continuously enrolled until death or six months 

after diagnosis. Patients were excluded if diagnosis of MM was made at autopsy, or if the 

patient was enrolled, at any point, in a health maintenance organization (HMO) for the 12 

months before the diagnosis or six months after diagnosis. This requirement was needed 

because for patients enrolled in an HMO we will not have access to their claims. 

We included only direct costs within the formal healthcare sector (Part A and B). All 

costs were adjusted to 2017 U.S. dollars using the Consumer Price Index (CPI).78 Costs 
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were derived as Medicare payments to providers assuming a third party payer 

perspective. The claims structure have two dates, the “from date” and the “thru date”. For 

some of the claims, the intervals defined by the ‘from date’ and ‘thru date’ were partly 

outside the study period, so we prorated the total cost of the claim across the duration of 

the interval, calculating costs per day and then summing them up for the intervals of 

interest (five months before diagnosis and six months after diagnosis). The total costs 

represent the sum of all costs incurred in the following categories: durable medical 

equipment, outpatient care, hospice, Medicare Provider Analysis and Review 

(MEDPAR), Home Health Agency (HHA), and National Claims History (NCH). 

Variables that were created to aid in prediction included those related to evidence of 

organ manifestations: hypercalcemia (C=elevated calcium), renal insufficiency (R), 

anemia (A), and bone lesions (B). This organ damage is commonly referred to by the 

acronym CRAB and is a burden of disease indicator.  

The comparison of the models was done using the following procedure (see 

Figure 3). First, we started with an entire cohort of MM patients without missing data 

(SEER-Medicare after applying the inclusion/exclusion criteria). Second, with these data 

we created 30% artificially missing values for the dependent variable (using MCAR, 

MAR and MNAR). The third step differed for the classical statistical methods and the 

ML approaches. For the classical approaches, we use the complete cases to specify a 

model (generalized linear model) and then we predicted the dependent variable for the 

incomplete cases. In the ML approach, the complete cases were divided into two 

subsamples: training, and test using ten-fold cross-validation. The training data were used 

to adjust the model and calibrate the variables. The test data were used to tune the model 
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parameters and give a feedback to the machine. Then we estimated the mean of the 

missing costs predicted for each algorithm and the classical methods. Fifth, we compared 

the predicted means against the true mean of the artificially missing values.  

The GLM used variables that the authors considered important or that literature 

supports. The dependent variable of the model was the total of medical costs in the six 

months after diagnosis. The independent variables were total of medical costs in the six 

months before diagnosis, per capita income for the ZIP code of residence, race and 

ethnicity, age by five-year intervals, region, marital status, sex, comorbidities, rural/urban 

setting, and CRAB symptoms (measured during the 12 months prior diagnosis).  We 

specified the first model with a gamma family and a log link; we ran the Park test (family 

test) and the Pearson, Pregibon and Hosmer-Lemeshow tests (link) to select the correct 

specification.16 We ran these different power links and families iteratively until we had a 

good fit. Finally, we assessed the correct specification using the Ramsey Regression 

Equation Specification Error Test (RESET).79  

The ML algorithms were tuned using 10-fold cross validation and the following 

tuning hyperparameter: for regression trees, we tuned the number of splits in the tree; 

boosting the number of trees, support vectors machines we used a radial kernel and we 

tuned epsilon and the cost function; for generalized additive models we tuned the degrees 

of freedom. For random forest, we tuned the number of trees in the model, number of 

divisions in each tree, and the number of independent variables; however, this calibration 

was done using out-of-bag estimates. 
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We created three possible missing mechanisms: MCAR, MAR and MNAR. MCAR 

was created as a random number attached to each patient (0-1) and deleting the outcome 

variable cases when this number was higher than 0.7. MAR scenario was creating using 

propensity scores. This scenario used the presence of CRAB symptoms as the dependent 

variable and the independent variables were age, race, region, sex, CCI, marital status and 

rural. Then a random uniform distribution variable was created for each patient. A 

condition of the predicted stratum of the propensity score and the random uniform 

variable were used as follow: missing observations if the predicted stratum equals 1 and 

the random uniform variable more than 0.875, and missing observations if the predicted 

stratum equals 0 and the random uniform variable more than 0.5. The thresholds of  0.875 

and 0.5 were selected based on the distribution of the propensity scores, the number of 

observations, and the bias that we wanted to created towards more missing observation in 

the presence of CRAB symptoms, so the total missing observation in the sample were 

approximately 30%. MNAR was created as follows: if the six months cost after diagnosis 

(dependent variable) was higher than $72,000 and a random uniform variable was more 

than 0.85. Again, the thresholds of $72,000 and 0.85 were selected so the total missing 

observations in the sample were approximately 30%. 

Among ML algorithms, model performance was assessed using root mean squared 

error RMSE. Feature selection was performed using a wrapper algorithm that uses 

random forests to assess the importance of each variable and compared the importance 

with importance achieved at random and progressively eliminating irrelevant features.80 

Confidence intervals for the cost prediction of each one of the algorithms was done using 

bootstrapping of 100 iterations. Data manipulation was performed using SAS version 9.4 
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(SAS Institute, Cary, North Carolina). For the statistical analysis of ML methods, we 

used R 3.4.3 Core Team (2017) (R Foundation for Statistical Computing, Vienna, 

Austria).81 Institutional Review Board (IRB) approval was obtained from the IRB of the 

University of Maryland, Baltimore, on April, 2016 (HP- 00065298). The data were 

available at an individual level, but individuals could not be identified. 
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Figure 3.  Flow diagram of the procedure performed to the development of the 

comparison of GLM based methods and ML based methods. 
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4.4 RESULTS 

We identified 9,343 patients with multiple myeloma who received diagnosis 

during 2007-2013 without missing cost data. The race distribution of non-Hispanic 

whites, non-Hispanic blacks, other non-Hispanic and Hispanic was 76%, 15%, 4%, 6% 

respectively. Fifty-three percent of patients (n=4,948) were male. Most of the cohort was 

healthy with 40% of the cohort with no comorbidities (based on the CCI comorbidities), 

22% with one comorbidity, and 38% with two or more comorbidities. Fifty-three percent 

of patients (n=4,946) were married at diagnosis. Table 3 contains detailed descriptive 

statistics for the entire cohort and by missing mechanism (full sample, MCAR, MAR, and 

MNAR). 

Variable selection was performed for ML algorithms using a wrapper algorithm 

identifying 27 important variables. The five more important variables for the prediction 

of costs were: CRAB symptoms and the indicator if the patient received radiation in the 

six months prior to diagnosis.   

Total medical healthcare costs six months after diagnosis followed a right skewed, 

non-normal distribution. Only 41 patients (0.4%) have zero observed costs during this 

period. The mean total six month costs after diagnosis was $51,201 (n=9343) and SD 

$41,293. Table 4 provides basic statistical description by missingness mechanisms.  

In the MCAR scenario (see Figure 4), the true value was $51,201.  The prediction 

of ML methods was $50,717 (95% CI $49,758-$51,860) for decision trees, $51,300 (95% 

CI $50,437-$51,937) for random forest, $50,463 (95% CI $49,408-$51,471) for boosting, 
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$50,859 (95% CI $49,806-$51,954) for GAM, and $50,580 (95% CI $49,583-$51,464) 

for SVM. The prediction for the GLM with Poisson family and log link was $50,542 

(95% CI $49,868-$51,216). The procedure time differ between the methods. The GLM 

procedural time was 39 seconds. For ML methods, the procedural time was higher. The 

procedural time in seconds of decision trees, random forest, boosting, GAM, and SVM 

was 41s, 3079s, 159s, 4s, and 1691s respectively. 

In the MAR scenario (see Figure 4) the true value was $48,128. The prediction of 

ML methods was $49,755 (95% CI $48,864-$50,781) for decision trees, $50,413 (95% 

CI $49,534-$51,335) for random forest, $48,435 (95% CI $47,151-$49,550) for boosting, 

$51,111 (95% CI $50,087-$52,019) for GAMs, and $50,303 (95% CI $49,455-$51,078) 

for SVM. The prediction for the GLM with Poisson family and log link was $52,285 

(95% CI $51,820-$52,750). The procedure time differ between the methods. The GLM 

procedural time was 150 second. For ML methods, the procedural time again was higher. 

The procedural time in seconds of decision trees, random forest, boosting, GAMs, and 

SVM was 43s, 2835s, 157s, 4s and 1526s respectively. 

In the MNAR scenario (see Figure 4), the true value was $41,825. The prediction 

of ML methods was $114,451 (95% CI $110,584-$118,205) for decision trees, $116,368 

(95% CI $111,500-$122,242) for random forest, $100,290 (95% CI $94,741-$109,736) 

for boosting, $52,971 (95% CI $52,046-$53,911) for GAMs, and $61,416 (95% CI 

$60,327-$62,643) for SVM. The prediction for the GLM with Poisson family and log link 

was $54,738 (95% CI $54,266-$55,210). The procedure time differ between the methods. 

The GLM procedural time was 150 seconds. For ML methods, the procedural time again 
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was higher. The procedural time in seconds of decision trees, random forest, boosting, 

GAMs, and SVM was 55s, 2910s, 200s, 4s and 2047s respectively.   



75 

 

Table 3. Characteristics of patients with multiple myeloma on SEER-Medicare with 

diagnosis during 2007-2013. 

  
 

MCAR MAR MNAR 

Category 
All 

(n=934
3) 

Not 
Missing 

(n=6538) 

Missing 
(n=2805) 

P-
value 

Not 
Missing 

(n=6266) 

Missing 
(n=3077) 

P-
value 

Not 
Missing 

(n=6902) 

Missing 
(n=2441) 

P-value 

Proportion, % 100 69.29 30.71   66.54 33.46   73.19 26.81   

Age categories                     

66-69 
1614 

(17.27) 
1148 

(17.56) 
466 

(16.61) 

0.64 

1081 
(17.25) 

533 
(17.32) 

0.43 

1222 
(17.71) 

392 (16.06) 

0.36 

70-74 
2173 

(23.26) 
1511 

(23.11) 
662 

(23.6) 
1436 

(22.92) 
737 

(23.95) 
1602 

(23.21) 
571 (23.39) 

75-79 
2098 

(22.46) 
1448 

(22.15) 
650 

(23.17) 
1390 

(22.18) 
708 

(23.01) 
1528 

(22.14) 
570 (23.35) 

80-84 
1818 

(19.46) 
1272 

(19.46) 
546 

(19.47) 
1235 

(19.71) 
583 

(18.95) 
1348 

(19.53) 
470 (19.25) 

>85 
1640 

(17.55) 
1159 

(17.73) 
481 

(17.15) 
1124 

(17.94) 
516 

(16.77) 
1202 

(17.42) 
438 (17.94) 

Race/Ethnicity                     

Caucasian (%) 
7063 
(75.6) 

4950 
(75.71) 

2113 
(75.33) 

<0.05 

4724 
(75.39) 

2339 
(76.02) 

<0.05 

5213 
(75.53) 

1850 (75.79) 

<0.05 

African American 
(%)  

1363 
(14.59) 

945 
(14.45) 

418 
(14.9) 

915 
(14.6) 

448 
(14.56) 

1008 
(14.6) 

355 (14.54) 

Other, non-
Hispanic (%) 

386 
(4.13) 

293 
(4.48) 

93 (3.32) 
287 

(4.58) 
99 (3.22) 

311 
(4.51) 

75 (3.07) 

Hispanic (%) 
531 

(5.68) 
350 

(5.35) 
181 

(6.45) 
340 

(5.43) 
191 

(6.21) 
370 

(5.36) 
161 (6.6) 

Region                     

West (%) 
3690 

(39.49) 
2614 

(39.98) 
1076 

(38.36) 

0.54 

2506 
(39.99) 

1184 
(38.48) 

0.56 

2763 
(40.03) 

927 (37.98) 

0.08 
Northeast (%) 

1849 
(19.79) 

1282 
(19.61) 

567 
(20.21) 

1225 
(19.55) 

624 
(20.28) 

1381 
(20.01) 

468 (19.17) 

Midwest (%) 
1234 

(13.21) 
856 

(13.09) 
378 

(13.48) 
821 

(13.1) 
413 

(13.42) 
903 

(13.08) 
331 (13.56) 

South (%) 
2570 

(27.51) 
1786 

(27.32) 
784 

(27.95) 
1714 

(27.35) 
856 

(27.82) 
1855 

(26.88) 
715 (29.29) 

Sex                     

Male (%) 
4948 

(52.96) 
3495 

(53.46) 
1453 
(51.8) 

0.15 

3344 
(53.37) 

1604 
(52.13) 

0.27 

3689 
(53.45) 

1259 (51.58) 
0.12 

Female (%) 
4395 

(47.04) 
3043 

(46.54) 
1352 
(48.2) 

2922 
(46.63) 

1473 
(47.87) 

3213 
(46.55) 

1182 (48.42) 

Comorbidity*                     

CCI = 0 (%) 
3777 

(40.43) 
2630 

(40.23) 
1147 

(40.89) 

0.51 

2468 
(39.39) 

1309 
(42.54) 

<0.05 

2765 
(40.06) 

1012 (41.46) 

0.44 CCI = 1 (%) 
2063 

(22.08) 
1465 

(22.41) 
598 

(21.32) 
1391 
(22.2) 

672 
(21.84) 

1527 
(22.12) 

536 (21.96) 

CCI >= 2 (%) 
3503 

(37.49) 
2443 

(37.37) 
1060 

(37.79) 
2407 

(38.41) 
1096 

(35.62) 
2610 

(37.82) 
893 (36.58) 

Married                      

No (or unknown) 
4379 

(46.87) 
3059 

(46.79) 
1320 

(47.06) 
0.83 

2933 
(46.81) 

1446 
(46.99) 

0.88 

3237 
(46.9) 

1142 (46.78) 
0.94 

Yes 
4964 

(53.13) 
3479 

(53.21) 
1485 

(52.94) 
3333 

(53.19) 
1631 

(53.01) 
3665 
(53.1) 

1299 (53.22) 

CRAB symptoms                     

Hypercalcemia 
1736 

(18.58) 
1202 

(18.38) 
534 

(19.04) 
0.48 

1202 
(19.18) 

534 
(17.35) 

<0.05 
1302 

(18.86) 
434 (17.78) 0.25 
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Table 3 (Continued). Characteristics of patients with multiple myeloma on SEER-

Medicare with diagnosis during 2007-2013. 

Renal dysfunction 
5232 
(56) 

3624 
(55.43) 

1608 
(57.33) 

0.09 
3624 

(57.84) 
1608 

(52.26) 
<0.05 

3900 
(56.51) 

1332 (54.57) 0.1 

Anemia 
6926 

(74.13) 
4812 
(73.6) 

2114 
(75.37) 

0.08 
4812 
(76.8) 

2114 
(68.7) 

<0.05 
5124 

(74.24) 
1802 (73.82) 0.71 

Bone disease 
2020 

(21.62) 
1389 

(21.25) 
631 

(22.5) 
0.19 

1389 
(22.17) 

631 
(20.51) 

0.07 
1511 

(21.89) 
509 (20.85) 0.3 

Care Setting                     

Rural 
8327 

(89.13) 
5808 

(88.83) 
2519 
(89.8) 

0.18 
5572 

(88.92) 
2755 

(89.54) 
0.39 

6135 
(88.89) 

2192 (89.8) 0.23 

                  
*Charlson Comorbidity Index (CCI) 
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Figure 4. Forest plot of the comparison between machine learning methods and 

generalized linear model methods (GLM).  
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Table 4. Basic description of six-month total health care costs of multiple myeloma 

patients by missingness mechanisms.  

 Missingness 

Mechanism 
Missing 

N=9,343 

(%) 
Mean 6-months 

costs 
Median 6-months 

costs 
SD 6-month 

costs 
p-

value 

Complete 
sample 

  100 $51,201  $41,293  $45,546  
  

MCAR 
No 69.29 $51,287  $41,504  $45,658  

0.783 
Yes 30.71 $51,006  $40,713  $45,302  

MAR PS 
No 66.54 $52,229  $42,325  $45,914  

0.002 
Yes 33.46 $49,156  $38,597  $44,744  

MNAR 
No 73.19 $54,635  $44,106  $47,624  

0.000 
Yes 26.81 $41,825  $34,547  $37,771  

 

Abbreviations: SD standard deviation, MCAR missing completely at random, MAR 

missing at random, MNAR missing not at random, PS propensity score. 
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4.5 DISCUSSION  

We embarked on this study to compare the existing techniques for dealing with 

missing cross-sectional data against ML models. To achieve this goal we explored the 

impact of multiple scenarios on the prediction from ML algorithms and GLMs. The 

results from this study suggest that ML could be successfully applied to missing cost data 

and that the performance is good independent if the missingness mechanism is MCAR or 

MAR.  

The MCAR results showed that independent of the algorithm the prediction is very 

accurate. Indeed, mean imputation can achieve results comparable to much more 

complicated models, as GLMs or ML. For MNAR, we found that no imputation method 

consistently outperforms any other. We concluded that accurate estimation depends on 

good quality data.  The best prediction for MAR was obtained with the regression tree 

and boosting regression trees. Predictions of SVM and random forests were similar, 

however we expected better results from these models. Results from the GAM were 

between the prediction of SVM and GLM. As we expected, we found that GAMs 

perform better than GLMs; this is because the GAMs are variations of GLMs with a more 

flexible specification; the first generalization of a GLM is a GAM. The ML algorithms, 

as a group, outperformed the GLM, these results are consistent with previous prediction 

of costs on other diseases like lung cancer using SEER-Medicare data.82 

Regression trees are commonly known to be weak learners. This is because the 

predictions obtained from them are relatively poor. However, in our example the 
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predictions from the decision trees were better than the ones obtained from the support 

vector machines (best algorithm). One of the possible explanations for this finding is that 

most of the variables included were binary, which makes the prediction of decision trees 

very accurate. However, these finding and hypothesis need to be confirmed in future 

research.  

One of the reasons why ML algorithms are not widely implemented is because the 

amount of large amount of computer power and time required running them. We found 

that the most complex algorithm to run was the random forest with a procedural time 

around one hour. This is a very short amount of time if we consider the capabilities of 

these models and that the size of the dataset was around 3,000 KB.  

GLMs are an acceptable and fast option; however, they require a correct 

specification. This fact could be an advantage and a disadvantage. In MM, the correct 

specification is not a big problem because the condition is well explored with identified 

confounders. This could be a limiting factor in lesser-explored diseases such as Parkinson 

or Alzheimer. Imposing the specification in advance could be an advantage given that 

this helps to understand the missingness process, which is a huge disadvantage for ML 

algorithms and their low interpretability.  

The principal implication of this research is that ML algorithms are good models 

for the prediction of missing cross-sectional data. In addition, their relative performance 

depends on the mechanism of missingness. This could be extrapolated to other non-cost 

studies where two datasets from different sources are used for analysis, for example  
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clinical trial data and claims data. The researcher can enrich the analysis of clinical trial 

data with claims data using these methods. However, these methods can also lead to 

unintended consequences. Health insurance companies could misuse them to predict 

healthcare costs with accuracy and use this information to change their pricing polies 

according to preexisting conditions, which is a threat for the patient.   

Our study has several limitations of two main types: those inherent to the 

algorithms and the limitations related to data manipulation and mining. First, ML 

algorithms are ‘black-box models’ meaning that we do not know the effect of each 

predictor on the 6-months post diagnosis costs. This is an important limitation because it 

affects the transparency and the decision makers (i.e. regulatory agencies) in charge of 

the analysis of these results do not accept these predictions because they do not 

understand the process. Second, applying ML algorithms for variable selection affects the 

design and the understanding of the conceptual framework of the cost analysis. 

Automatic variable selection removes the process of understanding the relationship of 

variables in a conceptual framework. Given that, automatic variable selection is an 

empiric process, it removes the statistical specification and the phenomenology of the 

analysis. Third, we assumed that there was only one missing variable, which is 

uncommon in observational studies. Fourth, the parametrization of our ML algorithms 

could be more complex. However, we tried to design our algorithms with minimum 

parametrization. This could be translated in worse predictions for ML algorithms. 

Future research must focus on similar studies trying to apply these methods to the 

following problems: longitudinal data, analysis of the effect on smaller sample sizes, 
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more amount of missing data, and multiple missing variables with multiple correlation 

structures.  
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5 STUDY AIM 2 

5.1 ABSTRACT 

Objectives: In the presence of informative censorship, standard methods (i.e. Lin’s 

method and Bang and Tsiatis) can produce biased cost estimates. Machine learning (ML) 

methods are easy to train methods that produce highly accurate predictions. Our objective 

was to compare predicted cost estimated by two popular techniques (i.e. Kaplan-Meier 

sample average estimator [KMSA] and the inverse probability-weighting estimator 

[IPTW]) against multiple ML estimators.  

Methods: We identified 5,527 adults diagnosed with multiple myeloma anytime from 

2007-2013 using the Surveillance, Epidemiology and End Results– Medicare database. 

To ensure that the cohort was uncensored, we excluded individuals that survived longer 

than five years. The five-year total medical costs were estimated as the sum of all 

inpatient and outpatient cost. Using a discretized gamma (6-month intervals) function 

(shape=1, rate=0.7, scale=1.43) we created artificial censoring of 30%, a typical value for 

the prevalence of censoring. The mean five-year cost in the artificially censored data was 

estimated using KMSA, IPTW, and ML algorithms, and compared with the true mean 

five-year cost of the uncensored cohort.  

Results: The amount of censoring achieved with the gamma distribution was 31% in the 

base case scenario. The mean total five-year cost of the uncensored cohort was $126,525 

(CI95% $123,296-$129,754). The five-year costs estimated with the censored data was 

$149,520 (CI95% $145,531-$153,510), $143,354 (CI95% $140,577-$146,131), $120,411 
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(CI95% $117,724-$123,097), $118,505 (CI95% $115,858-$121,153), $120,861 (CI95% 

$118,125-$123,596), $120,230 (CI95% $117,550-$122,910), for KMSA, IPTW, random 

forest, CART, boosting, and SVM respectively. All the models were biased. The 

reweighted estimators tend to overestimate the true value meanwhile the ML methods 

always underestimate the true value. The four ML methods performed similarly with a 

smaller improvement in the point estimate with boosting .  

Conclusions: Machine learning methods are a promising unbiased alternative for 

estimating cost in the presence of censoring with minimum assumptions and easy 

application.   

Key words: Machine Learning, Costs and Cost Analysis, Supervised Machine Learning, 

Multiple Myeloma, Neoplasms, Censored Cost Analysis, Survival Analysis, Inverse 

Probability Weights   
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5.2 INTRODUCTION 

In health economic and outcomes research, estimating longitudinal cost is a 

challenging task that is often biased when complete patient follow-up cannot be obtained 

due to the presence of censoring. Censoring, limits the researcher’s ability to have 

complete knowledge of the value of the estimated cost.11 As a result, costs may be 

misinterpreted; leading to incorrect decision making in value assessments and budget 

calculations. 

Censoring follows two possible mechanisms: early attrition of patient and end of 

follow up.11 Early attrition occurs when patients are lost to follow up (or drop out) of the 

dataset, for example due to loss of insurance eligibility. The second, censoring due to end 

of follow up, occurs when follow-up of the study ends before the patient experiences the 

event of interest (also known as administrative censoring). Administrative censoring is 

common in the analysis of observational datasets as researchers explicitly specify a 

discrete study time window.83 

Research has shown12-15 that studies that ignore censoring have biased estimates 

of the mean cost and variance of the sample. Informative censoring, when there is 

relationship between the censored time and the event of interest, leads to severe biases 

but the magnitude and the direction of the biases is difficult to establish.11 

Proposed solutions to address censored cost data include full sample analysis, 

complete case analysis, and reweighted estimators. Full sample and complete case 

analysis are considered naïve estimators and both solutions have several limitations. In 
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full sample analysis, which ignores censoring, the data are analyzed under the assumption 

that the observed data represents complete observations.8 This method results in an 

underestimate of the sample mean cost. Complete case analysis, ignores the censored 

cases, and estimates cost only using data from the uncensored cases.16 This method 

results in the exclusion of useful information, which may vary depending on the 

magnitude of censoring i.e. greater censoring excludes more information. Additionally, 

complete case analysis results in a mean cost estimation that is biased towards, or more 

representative of, the patients with shorter survival times.16  

More robust reweighted estimators, the Lin method and the Bang and Tsiatis 

method (B&T) and their variations,14,15
 have been developed to overcome the limitation 

of the naïve approaches. Lin’s method, also known as the Kaplan-Meier Sample Average 

estimator (KMSA), is based on the premise that uncensored cases represent censored 

cases.14 This method relies on two assumptions: non-informative censoring, and that 

censoring occurs discretely at the beginning or at the end of each interval. The probability 

of survival in each interval is used to reweight the estimated cost. Variations to Lin’s 

method account for the information on costs that is included, and the inclusion of 

patients’ characteristics and clinical covariates. There are four different variations of the 

method: Lin with known cost histories, Lin without cost histories, Lin’s regression 

method with unknown cost histories, and Lin’s regression method with cost histories.18  

Similar to Lin’s methods, B&T15 also depends on available costs information. 

There variations of B&T include, B&T weighted cost method without cost histories and 

B&T weighted cost method with cost histories.18 B&T also partitions the study time into 
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smaller periods. When cost history is available, the total cost per interval and the inverse 

probability of being censored per interval is calculated. The main difference between 

B&T and Lin’s method is that Lin reweights based on the probability of survival , while 

B&T reweights based on the inverse probability of being censored.8,16  

There is limited research comparing the performance of the abovementioned 

methods. Young et al18 compared nine different methods for estimating mean total costs 

in the presence of censoring and quantified the uncertainty surrounding the mean estimate 

and standard error, and explored different mechanisms and magnitude of for censoring. 

The authors found that B&T was the most accurate method for predicting the mean cost 

and the standard errors. When the mean cost was the only parameter of interest, Lin’s 

method with unknown cost histories also performed well.  

Machine learning is a subfield of statistics and computer sciences that uses a wide 

variety of algorithms to address high-dimensional prediction problems.20-24 As opposed to 

classic data modeling techniques, machine learning24 does not impose a specific 

relationship between the independent and dependent variables, and does not rely on many 

of the classic statistical assumptions.19-21 Machine learning and its advantage with high-

dimensional predictions, could offer a more accurate prediction of costs in the presence 

of censoring. However, to our knowledge, there is no evidence using machine learning 

for the prediction of censored cost data.  

The aims of this paper are to a) compare the existing techniques (i.e. Lin´s 

method, and B&T method) for analyzing censored cost data with machine learning 
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techniques (i.e. support vector machines (SVM), boosting (GBM), random forest (RF), 

and classification and regression trees (CART)) and, b) identify scenarios in which the 

machine learning methods provide an advantage over the existing techniques.  

5.3 METHODS 

Study Design and Setting 

We identified a cohort of patients diagnosed with multiple myeloma (MM) 

anytime between 2007 and 2013 using the linked Surveillance, Epidemiology and End 

Results (SEER)-Medicare claims database. This dataset was ideal for our analysis as the 

prevalence of drop-out is minimal and direct medical costs can be estimated for each 

patient using the Medicare claims data. We included patients who were ≥65 years old at 

diagnosis, and who were continuously enrolled in Medicare Parts A and B from the year 

prior (baseline) to MM diagnosis until death (up to five-years of follow up). Patients 

diagnosed with MM during an autopsy, and were enrolled, at any point, in Medicare Part 

C were excluded (claims data are unavailable for Part C enrollees). Additionally, we 

excluded all patients that survived longer than five years. The rationale for this exclusion 

was to create a cohort of patients with uncensored data in order to determine the true five-

year mean cost.  

Direct Medical Costs 

We estimated direct medical costs within the formal healthcare sector (Part A and 

B). All costs were adjusted to 2017 U.S. dollars using the Consumer Price Index (CPI).78 



89 

 

Costs were derived as Medicare payments to providers assuming a third party payer 

perspective. The total costs represent the sum of all costs incurred in the following 

categories: durable medical equipment, outpatient care, hospice, Medicare Provider 

Analysis and Review (MEDPAR), Home Health Agency (HHA), and National Claims 

History (NCH). The “true” mean cost and standard deviation was estimated during each 

6-month interval of follow-up (up to five-years). When the duration of service for a 

specific claim exceeded the study interval, we estimated the prorated total cost for the 

interval of interest as the sum of the daily cost incurred during the interval. Daily cost for 

each claim was calculated as the average cost per day for the entire duration of service 

(i.e. total claim cost/number of days of service).  

Artificial censoring 

We created two scenarios with artificial informative censoring. In the first 

scenario, censoring was created using a discretized gamma distribution without 

accounting for covariates. We performed multiple simulations with various specifications 

to identify the best parameters for calibration. This gamma distribution was calibrated 

with shape of 1, rate of 0.8 and scale 1.25. We also truncated the gamma distribution at 

nine periods. The goal was to obtain a function that created approximately 30% censoring 

in the original dataset with values ranging from 0-9 with higher censoring in the earlier 

periods. Consistent with previous literature,18,84 we used 30% of censoring as this is 

between low and heavy censoring. The total number of periods of follow-up was 10 

(five-years, six months intervals), however every individual contributed cost data for at 

least one day which made the entire population uncensored during the first period. We 
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subtracted the number of periods of follow-up uncensored from the number simulated by 

the gamma distribution (see Figure 5).  

In the second, more complex scenario, we included covariates when creating 

artificial censoring. We estimate the propensity score (PS) for renal insufficiency as a 

function of age, sex, Charlson Comorbitidy Index (CCI), marital status, region and 

residence in an urban or rural area. Renal insufficiency was chosen as this is the most 

expensive symptom of MM according to exploratory data analysis. Using the PS, we 

created a binary indicator to represent high (PS≥0.75) versus low (PS<0.75) probability 

of renal insufficiency. The distribution of the PS was bimodal, and 0.75 represented the 

cut point between the two distributions (see Figure 6). We used different 

parameterization of the gamma function for each renal insufficiency subgroup to obtain 

30% censoring among patients. Among patients with high probability of renal 

insufficiency the gamma function was a shape of 1, rate of 0.11 and scale 9.1, while 

among patient with low probability of renal insufficiency the gamma function was shape 

of 1, rate of 1.8 and scale 0.56. 

Independent Variables 

We included baseline demographic, MM characteristics, comorbidities, previous 

resource use, and socioeconomic variables. Demographic characteristics included age at 

diagnosis, gender, race and martial statues. MM characteristics included evidence of 

organ manifestations defined as hypercalcemia, renal insufficiency, anemia, and bone 

lesions, also known as CRAB (an indicator of MM burden). We estimated Charlson 
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Comorbitidy Index (CCI) and the Elixhauser Comorbidity Index to account for 

comorbidities. Previous resource use covariates included one-year costs before diagnosis. 

We used a different comorbidity index for each method evaluated; as some methods (i.e. 

ML) are not affected by the number of parameters specified we used the variables in the 

index rather than the total score.  

Statistical analysis  

In descriptive analysis, we evaluated baseline characteristics for categorical 

variables using Pearson chi-square test, reporting frequencies and percentages. A T-test 

was used to compare continuous variables, and we reported mean and standard 

deviations.  

In the application of Lin’s method we used nine general linear models (GLMs) to 

estimate the adjusted mean cost for each 6-months interval. The survival probabilities 

were obtained from a Kaplan-Meier estimator. The mean cost per interval and the 

survival probability per interval were multiplied and the totals per interval were summed. 

For the B&T method, we estimated the cumulative sum of cost for each interval using 

nine independent GLMs which were then weighted by the inverse probability of not 

being censored within the 6-months interval. These probabilities were obtained from a 

Kaplan Meier estimator as recommended by Bang and Tsiatis (2000). The weighted costs 

were summed, and divided by the total sample at the beginning of the follow-up.  
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In both Lin’s Method and B&T, the dependent variable was the six months costs 

in each interval. The independent variables included all abovementioned demographic, 

MM characteristics, comorbidities (CCI), previous resource use, and socioeconomic 

variables. We specified multiple families and links, and identified the correct model 

specifications through an iterative process using the Park test (family test), and the 

Pearson, Pregibon and Hosmer-Lemeshow tests (link).16 Finally, we assessed the correct 

specification using the Ramsey Regression Equation Specification Error Test (RESET).79  

We test several ML algorithms including classification and regression trees, 

support vectors machines, boosting, and random forest. The goal was to predict the cost 

for each censored individual and the survival status (alive/dead). We calculated the 

average cost per interval and the average probability of surviving in the interval. The 

average cost and survival probability was multiplied to estimate the adjusted mean per 

interval. The sum of mean cost per interval estimated the five-year mean cost. This 

method is similar to Lin, however rather than reweighting the estimator, we predicted the 

missing observations using ML algorithms. Confidence intervals for the cost prediction 

obtained from each ML algorithm were calculated using bootstrapping of 1000 iterations. 

For the calculation of the confidence interval of the products of costs and survival, we use 

the delta method. 

Delta Method calculation of the confidence interval of the product of two 
parameters. 

p�*p.±1.96*{(((p.
2Var(p�)+p�

2Var(p.)+2*p�*p.*Cov(p�,p.))) 
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The performance of the ML algorithms was assessed using root mean squared error 

(RMSE). We did not apply feature selection algorithms. The ML learning algorithms 

were tuned using 10-fold cross validation. The tuning hyperparameter implemented 

includes a) tuning the number of splits in the tree and boosting the number of trees for 

regression trees, b) radial kernel and tuned epsilon and cost function for support vectors 

machines, and c) for random forest, we tuned the number of trees in the model, number 

of divisions in each tree, and the number of independent variables (this calibration was 

done using out-of-bag estimates).  

Data manipulation and analysis was performed using SAS version 9.4 (SAS 

Institute, Cary, North Carolina) and R 3.4.3 Core Team (2017) (R Foundation for 

Statistical Computing, Vienna, Austria).81  This research was approved by the 

Institutional Review Board at the University of Maryland, Baltimore. 
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Figure 5. Graphical representation of the cost dataset, each row is an individual; each 

column is a 6-months interval of costs. The dark grey represents that the variable is 

missing and the low grey that the variable is present. The first column (costs from 

diagnosis to six months) applies for both groups. The amount of censoring represented is 

+/-30%.  
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Figure 6. Distribution of the propensity scores (propensity of having renal disease). This 

distribution was used to create a complex artificially censored data.  
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5.4 RESULTS 

The uncensored MM cohort included 5,527 adults who were on average 77.2 years 

of age at diagnosis and predominantly white (75%) and male (54%). Half were married, 

and more than three-quarters (89%) lived in an urban area. A total of 46% of patients had 

more than 2 comorbid conditions. The most common CRAB symptoms were anemia 

(87%), followed by renal dysfunction (70%), bone disease (26%) and hypercalcemia 

(25%) (see Table 5).  

The mean five-year total cost was $126,525 (CI 95% $123,296-$129,754). As shown 

in Figure 7, the mean cost per period peaked six months after diagnosis at $59,864 (SD 

$48,263). The mean cost per six-month intervals then stabilized ranging from $36,041-

$40,872. All patients in the uncensored MM cohort died during the five years of follow-

up, and the median survival time was 246 days (CI 95%: 232-260). 

After applying the simple censoring mechanism (first scenario), we obtained a total 

31% of data censored (see Figure 5). The mean cost per interval was underestimated and 

often statistically significant different from the true values. However, survival was 

overestimated and always statistically significant. This is explained given that the 

censoring mechanism biased the cohort toward healthier patients with higher survival and 

less costs.   

Figure 8 compares the predicted mean total five-year cost across all methods tested. 

The results show that the prediction of mean total costs was reasonably accurate in the 

majority of methods, with GLM (used for Lin and B&T) and GBM, having the most 
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accurate prediction of mean costs in early periods. Among ML algorithms the predicted 

costs was very similar with predictions obtained from random forests and regression trees 

being almost equal. Lin’s method overestimated the five-year mean cost by more than 

$22,995 ($149,520 with Lin vs. true cost of $126,525).  The estimation of the B&T using 

GLM adjusted means for the cost estimation and Kaplan-Meier underestimated the true 

value by more than $16,829 ($143,354 with B&T vs. true cost of $126,525). All ML 

methods underestimated the mean five-year cost. However, the magnitude of differences 

was smaller than that of Lin and B&T at approximately $8,000. The least biased 

estimator was obtained with the GBM.  

The distribution of the mean cost per interval in the presence of 29.9% censoring 

(obtained by the second artificially censoring scenario) was similar to the one obtained in 

the first scenario. However, the bias was more accentuated in earlier intervals (less than 

42 months after diagnosis). The mean cost per interval was always downward biased and 

statistically significant in most cases. The survival probabilities were upward biased after 

one year after diagnosis. The predicted probabilities predicted by ML methods closely 

estimated the true survival probabilities but were always underestimates.  

Figure 8 shows the results of the five-year total cost estimated when artificially 

censored was included in the second scenario. The five-year mean total cost estimated 

using Lin’s method overestimation the true cost by $8,785, but this was not statistically 

significant. All ML algorithms underestimated the true value. Among ML algorithms, 

SVM performed the best, underestimating true cost by $6,512, while regression trees 
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performed the worst by underestimating true cost by $8,566. B&T was the least biased 

estimator across all methods, overestimating true cost by $1,076.  
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Figure 7. On the left, mean cost by six-month periods and on the right panel the survival 

probabilities. The blue line is the true values for costs and probabilities and the dotted 

blue lines the confidence intervals around these values. The red line represents the bias 

after 30% is included in the Scenario 1.   
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Figure 8.  Comparison of the reweighted estimators versus the machine learning based 

methods at 30% of censoring in Scenario 1 and 2.   
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Table 5. Characteristics of patients with multiple myeloma on SEER-Medicare with 

diagnosis during 2007-2013, in the uncensored case. 

Category 
Complete sample 

n=5527 
Age categories   

66-69 666 (12.05) 

70-74 1094 (19.79) 

75-79 1217 (22.02) 

80-84 1253 (22.67) 

>85 1297 (23.47) 

Race/Ethnicity   

Caucasian, non-Hispanic (%) 4139 (74.89) 

African American, non-Hispanic (%) or other 848 (15.34) 

Other, non-Hispanic (%) 224 (4.05) 

Hispanic (%) 316 (5.72) 

Region   

West (%) 2186 (39.55) 

Northeast (%) 1054 (19.07) 

Midwest (%) 752 (13.61) 

South (%) 1535 (27.77) 

Sex   

Male (%) 2965 (53.65) 

Female (%) 2562 (46.35) 

Charlson Comorbidity Index (CCI)   

CCI = 0 (%) 1841 (33.31) 

CCI = 1 (%) 1156 (20.92) 

CCI >= 2 (%) 2530 (45.78) 

Married at diagnosis   

No (or unknown) 2789 (50.46) 

Yes 2738 (49.54) 

Baseline CRAB symptoms   

Hypercalcemia 1397 (25.28) 

Renal dysfunction 3886 (70.31) 

Anemia 4817 (87.15) 

Bone disease 1416 (25.62) 

Rural 4936 (89.31) 

* p values: t test for continuous variables, χ2 for categorical variables 
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5.5 DISCUSSION  

This paper compares multiple techniques to estimate censored cost data. Current 

gold standard methods for estimating cost in the presence of censoring include Lin’s 

Methods and B&T, which are based on the concept of reweighting the uncensored cases. 

However, we tested the application of ML algorithms to predict the costs and survival of 

the censored cases, implementing a similar approach to Lin by multiplying the predicted 

cost and survival probability. This approach uses all the information available to calculate 

robust estimates. Our results show that five-year costs predicted using ML had a smaller 

magnitude of bias relative to standard methods when 30% of the observations are 

censored. This shows that ML can be successfully applied to the estimation of censored 

cost data and that the performance is acceptable.  

Ordinary least square models have several limitations when estimating cost 

including the fact that residuals are non-normally distributed, the costs cannot be 

negative, and costs are not homoscedastic. As a result, testing several model 

specifications are needed. However, identifying the family and link is a challenge for 

researchers. ML overcomes these limitations as the models allow for flexibility in the 

functional form. Additionally, ML algorithms have shown to be superior for the 

prediction of health care costs when compared to linear regression-logged and 

generalized gamma models.85 Among the ML algorithms, random forest and gradient 

boosting have the best prediction over CART and SVM.  
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In our study, we found that GLM and GBM accurately predicted health care costs. 

However, one disadvantage of GLMs is that convergence of the models is highly 

dependent on the sample size. This may be is a key limiting factor for estimating cost in 

the presence of censoring during later periods of follow-up when the number of 

individuals remaining in the sample may be relatively small. Thus, ML, which overcomes 

this limitation and produces accurate cost estimates as indicated by our findings, is likely 

a more advantageous approach. 

The survival probability is a very sensitive input that is highly influential in the 

estimation of accurate total cost in the presence of censoring. Researchers often focus on 

the correct specification of the cost function, ignoring the sensitivity of the models to 

biases in the estimates of the survival probabilities. Lin and B&T are methods developed 

in the context of clinical trials but in observational studies, the survival probability can 

become a source if bias. We used a discrete time analysis approach. In this approach the 

follow-up time is broken down into discrete time units; each unit is an independent 

observation.86 For each discrete interval, a binary regression model is predicting if the 

event happened or not. We used only ML methods for the estimation of the binary 

regressions, however if we specified a logit link in a GLM framework for each interval 

we will obtain the same results as a proportional hazard model with a partial likelihood 

estimation method (exact method). In this study, the estimated probabilities were similar 

to the true probabilities; however, it tended to underestimate the survival probabilities.  

Research indicates that ensemble methods (boosting and random forest) may 

outperform the CART prediction. However, in our study random forests and GBM 
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performed slightly better than decision trees in estimating survival probabilities. This is 

likely because ensemble methods outperform CART in the presence of instability, which 

was not the case in our study. The stability is the effect on the decision based on small 

changes in the training data.  We explore stability rerunning subsamples and comparing 

the predictions. Subsamples of 90% did not have statistically significant differences in 

the prediction. This was not an objective of the study but we were surprised with our 

findings. Further exploration showed that the variables selected by the weak learner were 

almost identical to the ones ranked by the ensemble methods. We also hypothesize that 

this findings are because most of the variables in the model are binary.  

We note several limitations to our study. First, ML algorithms are time consuming 

and computationally intensive. Fitting the algorithms and the bootstrap for the confidence 

intervals took 3600 seconds for each amount of censoring, in a machine with 16 cores 

and using parallel coding (caret package20,87).  Second, the parametrization of ML 

algorithms are complex, however, we designed our algorithms with minimum 

parametrization to compare the prediction of GBM, RF and SVM in minimum 

parametrization. Third, these results depend on the variance of the estimators on each 6-

month interval; in the presence of high variance the stability of the estimates can vary and 

affect the prediction. Fourth, our results may have limited generalizability as we 

estimated cost in a Medicare population diagnosed with one disorder and all the patients 

had the outcome of interest during the follow-up time. 

We illustrated and application of ML methods for calculating censored cost data. 

We conclude that ML produces relatively unbiased estimates of five-year total cost in the 



105 

 

presence of censoring in multiple scenarios. We recommend the use of random forest to 

predict censored cost in future research due to the simplicity and robustness of the model 

although it is computationally intensive.   
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6 STUDY AIM 3 

6.1 ABSTRACT 

Introduction: Censored cost data is an intriguing problem faced in cost analysis. While 

several approaches to deal with censored cost data exist; there is not enough information 

about the effect of censoring on the amount of bias. Our objective was to compare 

existing techniques (i.e. reweighted estimators) against machine learning (ML) methods. 

Methods: We identified a cohort of individuals diagnosed with multiple myeloma in the 

US from 2007-2013 using the Surveillance, Epidemiology and End Results (SEER) – 

Medicare database, consisting of cancer registry data linked to Medicare claims. We 

calculated the five-year total medical costs as the sum of inpatient and outpatient claims. 

We created two scenarios of artificially censored data; each of these scenarios tested the 

models at different levels of censoring, there were 16 different combinations of 

parameters in order to obtain censoring levels from 5% to 80% in 5% intervals. Then we 

used reweighted estimators and ML based methods to compare the performance. Among 

ML algorithms, model performance was assessed using root mean squared error, and 

mean average error. We fitted multiple linear regressions and linear splines to estimate 

the effect of censoring on the bias of the estimator. We used two knots one at 25% and 

the other at 50%; we classify the amount of censoring as low (0%-25%), moderate (25%-

50%), and severe censoring (>50%).  

Results: We identified 5527 patients with MM. The mean 5-years total cost was 

$126,525 (CI 95% $123,296-$129,754). The 5-year mean cost estimated with Lin’s and 
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B&T overestimated the true cost, meanwhile ML algorithms underestimate the true cost. 

We found that the best algorithm over the amount of censoring was GBM with an 

underestimation of the true cost of $3,564 per each increase of 10% of censoring. The 

linear splines analysis showed that from 0% to 25% censoring machine-learning 

algorithms underestimate the true cost by $1,500 to $2,133 per each increase of 10% of 

censoring. On the other hand, the estimation of B&T and Lin’s is 3 to 4 times higher. At 

moderate levels of censoring (25% to 50%), random forest was the best model however 

the biases increased 3 times compared to low censoring (0%-25%). Results for the second 

scenario were similar for the ML methods. Reweighted estimators were superior on the 

second scenario with Bang and Tsiatis showing almost no bias between 0% and 40% of 

censoring. However, the discrepancies in the prediction between the two scenarios 

showed that Bang and Tsiatis is a scenario-specific method.  

Conclusion: ML methods showed to be acceptable for the prediction of censored cost 

data at multiple levels of censoring. ML methods are efficient and do not have model 

specification or convergence problems.  

Key words: Censored Cost Data, Cost Analysis, Censoring, Machine Learning, Support 

Vector Machines, Generalized Linear Models, Random Forest, Boosting, Regression and 

Classification Trees, Lin’s Method, Bang and Tsiatis Method. 

  



108 

 

6.2 INTRODUCTION 

There are several methods for addressing the problem of censored cost data. 

However, it is not clear when the amount of censored data is problematic. According to 

the International Society of Pharmacoeconomics and Outcomes Research (ISPOR) Task 

Force,10 ignoring a small amount of censored data (<5% of the observations) is not 

problematic if by doing so, the results are unbiased.  However, further guidance around 

the amount of censoring and the impact on bias is scarce.  

There are two common methods in the literature to address censoring: Lin’s 

method and the Bang and Tsiatis method (B&T).14,15 Both methods are based on the idea 

of reweighting uncensored observations. The main difference between these two methods 

is that Lin’s method reweighs on the survival probability and B&T reweighs on the 

inverse probability of being uncensored within the interval.8,16 The results from both are 

similar in certain conditions;88-90 for example when time approaches zero (very small 

intervals), Lin’s method is as good as B&T.88 The main limitations of B&T and Lin’s are 

that they are inefficient estimators given that they use only uncensored data,13 they have 

complex calculations for the estimation of their variances, and they do not account for the 

differential rates of health care cost accumulation near death.13 

Literature comparing these methods in terms of performance is sparse. Young et 

al18 compared eight different techniques in the presence of censored costs. The objective 

of their paper was to compare the different methods for estimating mean total costs, in the 

presence of censoring, and quantifying the uncertainty surrounding the mean estimate 
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(standard error). The following methods were compared: ignoring censoring; complete 

cases; Lin’s method (with and without cost histories); B&T weighted method (with and 

without histories); Lin’s regression methods (with and without histories). They also 

explored different mechanisms for censoring (random censoring, end of study censoring, 

informative censoring and partial censoring) and a censoring level of 30%. It was found 

that the most accurate method for predicting the means and the standard errors is B&T 

method. When the mean was the only parameter of interest, Lin’s method with unknown 

cost histories also performed well.  

Raikou et al17 compared the different variants of the Lin’s and B&T methods 

under heavy censoring conditions using artificially censored data. In this study, the 

authors used 80% censoring. The six methods compared were Lin’s method (with and 

without cost histories), B&T weighted method (with and without histories), B&T simple 

improved, and B&T improved partitioned. They found that Lin’s with cost histories 

appeared stable under a variety of conditions. On the other hand, Lin’s without cost 

histories was sensitive to the number of individuals contributing cost information. B&T 

showed variable results. The B&T method that used cost histories performed well, 

meanwhile the B&T without cost histories was unstable. The authors concluded that 

although Lin’s and B&T with cost histories behave similarly, the former should be 

preferred because it is not restricted by the pattern of the censoring distribution. They 

also concluded that the weight alone in the B&T method is not sufficient to adjust the 

estimates for the loss of information in heavy censoring.  
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Wijeysundera et al.13 in a simulation study analyzed the effect of censoring on the 

effect of B&T estimates. B&T showed that at 7% of censoring, the true cost and the B&T 

did not have statistically significant differences; however, in the scenarios of 18%, 21% 

and 53% of censoring, B&T always overestimated the true cost and the differences were 

statistically significant. The authors concluded that the study is consistent with previous 

reports demonstrating the instability of B&T in the presence of high censoring.   

Our study aim was to compare the existing techniques for analyzing censored cost 

data (i.e. Lin´s method, and B&T method) to ML techniques (i.e. support vector 

machines, boosting, classification and regression trees, and random forest) and identify 

the impact of censoring on the bias of the estimators. 

6.3 METHODS 

We used patient-level data from the linked Surveillance, Epidemiology and End 

Results (SEER)-Medicare claims database. We identified patients with diagnosis of 

multiple myeloma between 2007 and 2013 with claims available from 2006 to 2014. We 

restricted cases to patients aged ≥65 years, continuously enrolled in Part A and B during 

the previous year of the diagnosis, and continuously enrolled until death or five-years 

after diagnosis. We excluded patients if diagnosis of MM was made at autopsy, or if the 

patient was enrolled, at any point, in a health maintenance organization during the 12 

months before the diagnosis or six months after diagnosis. Patients who survived beyond 

five-years post diagnosis were excluded from the analysis. The reason for this exclusion 

criterion was to create an uncensored cohort and calculate the true five-years mean cost. 
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The cost analyses took the perspective of a third party payer (Medicare); which 

represents actual payments made by Medicare that include durable medical equipment, 

outpatient care, hospice, Medicare Provider Analysis and Review (MEDPAR), Home 

Health Agency (HHA), and National Claims History (NCH). We included only direct 

costs within Part A and B. All costs were adjusted to 2017 U.S. dollars using the 

Consumer Price Index (CPI).78  

  All patients meeting the sample selection criteria were included in the analysis. 

We captured data on patient demographics (age at diagnosis, race, geographic region, 

gender), burden of disease (hypercalcemia (C=elevated calcium), renal insufficiency (R), 

anemia (A), and bone lesions (B)), comorbidities (Charlson Comorbitidy Index (CCI) and 

the Elixhauser Comorbidity Index), and socioeconomic variables (census data). 

We created two artificial scenarios of censored data. First, we calibrated a 

discretized gamma truncated function. This function was calibrated with 16 different 

combinations of parameters in order to obtain censoring levels from 5% to 80% in 5% 

intervals. Table 6 shows the different parameters used to calibrate the first scenario. The 

gamma distribution was truncated at nine periods. The total maximum number of periods 

of follow-up was 10 (five-year, six months intervals), however every individual 

contributed cost data for at least one day which made the entire population uncensored 

during the first period. Then, we subtracted the number simulated by the gamma 

distribution from the number of periods of follow-up that the patient was uncensored for 

(see Figure 9). The second scenario was similar in construction but an additional 

requirement was imposed. The patients were classified in two groups based on the 
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propensity of having renal disease. We chose renal disease because it is a main driver of 

costs in patients with MM. The propensity score was dichotomized at 0.75 and we 

parametrized a gamma function for each group (see Table 7). The logic of this approach 

is that patients with higher propensity of renal failure (propensity score>0.75) will have 

fewer censored observations as compared to patients with lower propensity (propensity 

score≤0.75). The bias that we created for this scenario is to underestimate the cost of 

these patients and overestimate the survival.  

In the application of Lin’s method we used nine general linear models (GLMs) to 

estimate the adjusted mean cost for each six-month interval. The survival probabilities 

were obtained from a Kaplan-Meier estimator. The mean cost per interval and the 

survival probability per interval were multiplied and the totals per interval were summed. 

For the B&T method, we estimated the cumulative sum of cost for each interval using 

nine independent GLMs, which were then weighted by the inverse probability of not 

being censored within each six-month interval. These probabilities were obtained from a 

Kaplan Meier estimator as recommended by Bang and Tsiatis (2000). The weighted costs 

were summed and then divided by the total sample at the beginning of follow-up.  

In both Lin’s Method and B&T, the dependent variable was the six-month costs in 

each interval. The independent variables included all abovementioned demographic, MM 

characteristics, comorbidities (CCI), previous resource use, and socioeconomic variables. 

We specified multiple families and links, and identified the correct model specifications 

through an iterative process using the Park test (family test), and the Pearson, Pregibon 
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and Hosmer-Lemeshow tests (link).16 Finally, we assessed the correct specification using 

the Ramsey Regression Equation Specification Error Test (RESET).79  

Among ML algorithms, model performance was assessed using root mean 

squared error RMSE. We did not apply feature selection algorithms. The ML algorithms 

were tuned using 10-fold cross validation and the following tuning hyperparameters: for 

regression trees, we tuned the number of splits in the tree; boosting the number of trees, 

support vectors machines we used a radial kernel and we tuned epsilon and the cost 

function. For random forest, we tuned the number of trees in the model, number of 

divisions in each tree, and the number of independent variables; however, this calibration 

was done using out-of-bag estimates. The idea with ML was to predict the cost for each 

individual censored and the dead/alive status. Then we calculated the average cost per 

interval and the average probability of surviving in the interval. We multiplied these two 

parameters to estimate the adjusted mean per interval and then we summed them up to 

obtain the five-year mean cost per algorithm. This method is very similar to the described 

by Lin, however rather than reweighting the estimator, we propose to predict the missing 

observations. 

  Confidence intervals for the cost prediction of each one of the algorithms was 

done using bootstrapping of 1000 iterations. For the calculation of the confidence interval 

of the products of costs and survival, we use the delta method. 

Delta Method calculation of the confidence interval of the product of two 
parameters. 
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p�*p.±1.96*{(((p.
2Var(p�)+p�

2Var(p.)+2*p�*p.*Cov(p�,p.))) 

To compare the multiple models at different levels we fitted multiple linear regression 

and simple splines with predefined knots at 0.25 and 0.5. We defined these arbitrary 

points according to our experience. Data manipulation was performed using SAS version 

9.4 (SAS Institute, Cary, North Carolina). For the statistical analysis of machine learning 

methods, we used R 3.4.3 Core Team (2017) (R Foundation for Statistical Computing, 

Vienna, Austria).81 Institutional Review Board (IRB) approval was obtained from the 

IRB of the University of Maryland, Baltimore, on April, 2016 (HP-00065298). The data 

were available at an individual level, but individuals could not be identified.  
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Figure 9. Gamma functions used to create the different amounts of censored data. The 

dotted line is the reference line when 0% of censoring. Each line is parametrized to obtain 

a 10% increase in the amount of censoring from 10% to 80%. The red line is 10% of 

censoring and the pink line is 80% of censoring. 
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Table 6.  Parameters used to calibrate the gamma function in the first scenario. 

Censoring Shape Rate Scale 

5% 1.00 4.00 0.25 

10% 1.00 2.50 0.40 

15% 1.00 1.75 0.57 

20% 1.00 1.25 0.80 

25% 1.00 0.95 1.05 

30% 1.00 0.80 1.25 

35% 1.00 0.65 1.54 

40% 1.00 0.55 1.82 

45% 1.00 0.45 2.22 

50% 1.00 0.40 2.50 

55% 1.00 0.33 3.08 

60% 1.00 0.26 3.81 

65% 1.00 0.20 5.00 

70% 1.00 0.15 4.00 

75% 1.00 0.13 7.69 

80% 1.00 0.10 10.00 
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Table 7.  Parameters used to calibrate the gamma function in the second scenario. K 

shape, θscale, ps propensity score.  

 

Censoring K θ|ps>0.85 θ|ps<0.85 

10% 1.00 0.63 10.00 

20% 1.00 0.23 3.60 

30% 1.00 0.11 1.80 

40% 1.00 0.06 1.00 

50% 1.00 0.04 0.60 

60% 1.00 0.03 0.40 

70% 1.00 0.02 0.26 

80% 1.00 0.01 0.14 
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6.4 RESULTS 

We identified 5527 patients in the uncensored MM cohort. The median survival time 

of this cohort was 246 days (CI 95%: 232-260), and all patients died during the five-years 

of follow-up. Table 5 summarizes patient demographics and clinical characteristics for 

all patients in the uncensored MM cohort. The mean age at diagnosis was 77.2 years, 

50% were married, 89% lived in an urban area, and 54% of the cohort were men. In total, 

40% of the patients were identified in the West region, and 28% in the South of the U.S. 

Subjects were primarily White (75%). Around 46% of patients had more than two 

comorbid conditions. The most common CRAB symptoms were anemia (87%) followed 

by renal dysfunction (70%), less common were hypercalcemia (25%) and bone disease 

(26%). 

The mean five-year total cost was $126,625 (CI 95% $123,296-$129,754). 

Figures 10 and 11 present the mean cost per period by different levels of censoring and 

the impact of censoring on the estimation. The uncensored case shows a peak at six-

months after diagnosis at $59,864 (SD $48,263); the mean cost per six-month intervals 

tend to stabilize in subsequent intervals with values ranging from $36,041-$40,872. The 

bias created in the first scenario underestimates the mean cost per interval in the earlier 

time intervals (1-5); the bias is unstable at later time intervals (7-9). Figure 12 shows the 

results for the first scenario. The five-year mean cost estimated with Lin’s and B&T 

overestimated the true cost, meanwhile ML algorithms underestimate the true cost. Lin’s, 

B&T and GBM had problems to converge: Lin’s and B&T at 50% censoring and GBM at 

60%. The best prediction was made by random forest and the differences from the true 
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cost only become significant at more than 30% censoring. There are no statistically 

significant differences between the ML algorithms; however, point estimates showed that 

ensemble methods performed better than CART and SVM. B&T performed better than 

Lin; however there are no statistically significant differences between them. 

After fitting a multiple linear regression (see Figure 13), we found that the best 

algorithm over the amount of censoring was GBM with an underestimation of the true 

cost of $3,564 per each increase of 10% of censoring. The R-square for the linear fit for 

each model is between 0.93 (GBM) and 0.99 (B&T). The linear splines analysis (see 

Figure 14) showed that from 0% to 25% censoring machine-learning algorithms 

underestimate the true cost by $1,500 to $2,133 per each increase of 10% of censoring. 

On the other hand, the estimation of B&T and Lin’s is 3 to 4 times higher. At moderate 

levels of censoring (25% to 50%), random forest was the best model however the biases 

increased 3 times compared to low censoring (0%-25%). 

In the second scenario (see Figure 12), Lin’s method and B&T showed a V-

shaped curve; underestimate in low levels of censoring and overestimating at moderate 

levels of censoring. Lin’s method and B&T had problems to converge at more than 45% 

of censoring. The prediction of B&T is highly accurate until 35% of censoring. ML 

methods, in this scenario, showed a similar behavior to the previous scenario; always 

underestimating the true cost and with non-statistically significant differences among 

them. SVM showed to be slightly superior at low censoring and very similar to B&T. at 

moderate and high levels of censoring random forest becomes a better method for the 
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estimation of censored data. However, it underestimate by $42,000 the true cost at levels 

of 80% of censoring.  

After fitting linear regressions (see Figure 15) in the second scenario, we found 

that the best algorithm over the amount of censoring was B&T followed by random 

forest. The B&T overestimated the true cost of $1,770 per each increase of 10% of 

censoring. Random forest showed an underestimation of the true cost of $4,657 per each 

increase of 10% of censoring. The R-square for the linear fit for each model is between 

0.56 (B&T) and 0.97 (random forest). The linear splines analysis (see Figure 16) showed 

that from 0% to 25% censoring machine-learning algorithms underestimate the true cost 

by $2,100 to $2,946 per each increase of 10% of censoring. On the other hand, the 

estimation of B&T and Lin’s was $1,170 and $1,530, respectively. At moderate levels of 

censoring (25% to 50%), random forest was the best model. B&T produces good 

estimates at the moderate level because the second spline tends to overestimate but the 

first spline underestimates the true cost. 
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Figure 10. Each one of the eight panels represents the mean costs by six month-intervals. 

The x axis starts with -2 to denote two six-month periods before diagnosis (1 year) and 

end at 9 (five-years after diagnosis). The red line represents the true costs with 0% 

censoring and the blue line the effect of censoring on the mean cost per interval data. 
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Figure 11. Each one of the eight panels represents the level of censoring. In low grey the 

original data and in red, the artificially censored data.  
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Figure 12. Results for the prediction of the five-year mean cost by different levels of 

censoring. Left panel (Scenario 1), right panel (Scenario 2). GBM: boosting, GLM_BT: 

Bang and Tsiatis method, GLM_lin: Lin’s method, rt: regression tree, rf: random forest, 

SVM: support vector machine.  
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Figure 13. The effect of censoring on the bias of the five-year mean cost of patients with 

MM in Scenario 1. Each panel represents the fit with a linear regression.  
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Figure 14.  Results for the prediction of the five-year mean cost by different levels of 

censoring after fitting linear splines with 2 knots, Scenario 1. GBM: boosting, GLM_BT: 

Bang and Tsiatis method, GLM_lin: Lin’s method, rt: regression tree, rf: random forest, 

SVM: support vector machine. 
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Figure 15.  The effect of censoring on the bias of the five-year mean cost of patients with 

MM in the Scenario 2. Each panel represents the fit with a linear regression.  
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Figure 16. Results for the prediction of the five-year mean cost by different levels of 

censoring after fitting linear splines with 2 knots, Scenario 2. GBM: boosting, GLM_BT: 

Bang and Tsiatis method, GLM_lin: Lin’s method, rt: regression tree, rf: random forest, 

SVM: support vector machine. 
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6.5 DISCUSSION  

This paper compares multiple techniques to estimate censored cost data at different 

levels of censoring. To our knowledge, this is the first study that compares the methods at 

different levels of censoring using real world data, whereas most previous comparisons 

utilized simulated data. In previous literature, B&T showed to be a better technique 

compared to Lin. However, these methods become unstable at high levels of censoring. 

We propose that the application of ML algorithms to predict the costs and survival of the 

censored cases and then multiply the predicted cost by the survival probability. The sum 

of the estimates per time-period will yield, in our case, the five-year mean cost of patients 

with multiple myeloma. This approach uses all the information available to calculate 

robust cost and survival estimators. The results from this study suggest that ML could be 

successfully applied to the estimation of censored cost data at low and moderate levels of 

censoring.   

During the design phase of a study, the authors encounter the trade-off between 

having newer cases for the analysis and amount of censoring.  This trade-off is explicit 

when the researcher decides over the duration of the study window. As an example, if we 

have access to data from 2007 to 2013, we will obtain around 9,000 patients; as a 

researcher, I can decide to have patients with diagnosis between 2007-2012 and one year 

follow-up after diagnosis where patients can experience the outcome (7,000 patients; 

censoring 40%). Patients that do not experience the outcome during that period of time 

become censored. The researcher could decide to reduce the study window in order to 

include patients with diagnosis between 2007-2011, thus reducing the sample size to 
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5,000 but also reducing the amount of censoring (by 10 perceptual points) since all 

patients diagnosed at the end of 2011 had at least two years of follow-up to experience 

the outcome. We recommend performing multiple analyses creating artificially censored 

data to see the direction of the estimates but also the effect of censoring on bias. 

This study provides five insights. First, this study showed the vulnerability of 

Lin’s and B&T’s methods resulting in different estimates in different scenarios. Second, 

our approach provides an analytical framework to create artificially censored data using 

gamma distributions to estimate the impact of censoring on bias. Third, we recommend 

that researchers should perform more sensitivity analysis around the study window and 

report the impact of censoring on the estimates. Four, this study demonstrated the 

sensitivity of reweighted estimators to survival probabilities. Fifth, we found that ML 

methods are not better than reweighted estimators in all scenarios; however, we advocate 

for further research with this method in the analysis of costs given its flexibility and easy 

implementation.  

We illustrated an application of ML methods for calculating censored cost data at 

different levels of censoring. In conclusion, ML produces good, unbiased estimates of 

five-year total cost in the presence of censoring in multiple scenarios; however, we do not 

think they are superior to reweighted estimators. We recommend further research of cost 

analysis using random forest due to the simplicity and robustness of the model, despite, 

random forest being computationally intensive algorithm.  
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7 OVERALL CONCLUSIONS, IMPLICATIONS AND FUTURE RESEARCH 

7.1 OVERALL CONCLUSIONS 

Health services research rely on the correct estimation of cost data. In this 

dissertation, we proposed to apply ML methods in the presence of multiple mechanisms 

of missingness at different levels of uncertainty. In the first manuscript, we explored the 

prediction of missing data in a cross sectional scenario. We showed that ML methods 

could be successfully applied when the mechanism of missingness is missing completely 

at random or missing at random. ML methods simplify the work of the researcher in 

multiple ways, especially for the specification of the functional form and the variable 

selection.  

In the second manuscript, we explored the impact of costs in a longitudinal setting. 

We illustrated and application of ML methods for calculating censored cost data in the 

presence of informative censoring. We achieved informative censoring using a simple 

mechanism with a gamma distribution and a more complex mechanism based on the 

propensity of having one of the most expensive comorbidities in multiple myeloma. We 

demonstrated that ML produces relatively unbiased estimates of five-year total cost in the 

presence of censoring. Although the ML algorithms performed very similarly, we 

recommended the use of random forest to predict censored cost in future research due to 

the simplicity and robustness of the model. However, random forest is computationally 

intensive and can be a deterrent for many researchers in the following scenarios: first, the 

exorbitant size of the dataset; second, the computational resources are minimal; third, the 

vast number of variables. Detailed variable selection is encouraged to reduce noise, 
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computational running time, and easy to debug. When possible, we recommend the use of 

parallel coding to maximize the capabilities of your programs. 

In the third manuscript, we explored the effect of censoring on the prediction of 

censored cost data. To our knowledge, we were the first to explore this effect on real-

world data; previously published articles used simulations. We found that ML predicts 

very well in levels of low and moderate censoring and the estimations of ML were 

consistent among different scenarios. On the other hand, reweighted estimators had 

accurate prediction only in one scenario. 

7.1 IMPLICATIONS AND FUTURE RESEARCH 

This dissertation encouraged the use of ML methods in health services research for 

the prediction of outcomes that are non-normally distributed, using the example of cost 

data. We presented ML methods in multiple scenarios that give reasonable estimates in 

the presence of an incomplete non-normal variable, skewed to the right. We could not 

identify advantages among ML methods; however, the point estimates ensemble 

algorithms (boosting and random forest) and SVM tend to perform slightly better. 

 There are multiple applications of ML methodologies for the imputation of a 

missing variable. From the perspective of censored cost data, the results from this 

dissertation can be applied to maximize the sample size in cohorts where the inclusion 

criteria are restrictive, e.g. continuous enrollment is required. With the application of ML 

algorithms, we can impute missing variables and obtain robust estimators. In this context, 

the main advantage of the imputation using ML algorithms is that, to improve the 
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estimation from skewed variables, the imputation method should not assume normality.91 

Although there are multiple methods to test, we demonstrated that the method is not the 

important aspect, but rather, the shape that the distribution can assume. 

 We analyzed cost data in multiple dimensions, but the natural extension of these 

methodologies should be in the area of preference scores. Preference scores share 

multiple challenges with cost data. Preference scores are bound at one, skewed to the left, 

confined to a range of 0-1, and, in multiple occasions, have mass at one. In the 

literature,92 the most familiar approach for the analysis of preference scores is ordinary 

least squares; however, we agree with other authors that the benefit of such analysis is 

with other specifications, like GLMs.93 In the context of imputation when data related to 

preferences scores are missing, we suggested to implement a similar methodology to 

what we described in this dissertation.  

 As we noted before one of the challenges of cost data is that they may have 

multiple participants with zero consumption. Our data did not have mass at zero. We tried 

to implement a simpler version of our algorithm where, rather than calculating the 

survival and the costs, we assume zero costs for patient if they after they died. The logic 

of this approach was to perform a two-part model in a single step. However, we did not 

obtain good fit with these models due to the mass at zero. Some of the ML algorithms use 

the average for the partition, which created an underestimation because the mean is 

biased downward. In the presence of zeros in your data, we recommend to create a two-

part model but, rather than assuming a logistic regression for the first part, test other 
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functional forms with algorithms such as random forest or support vector machines. For 

the second part, we also recommend more flexible models (e.g. random forest, boosting). 

 One big limitation for the implementation of ML algorithms is the required run 

time. The fastest algorithms to implement are the classification and regression trees, with 

time comparable to classic GLMs. With ensemble algorithms (random forest and 

boosting), the time increased due to the number of trees, number of rows of data, the 

maximum depth, and/or the number of features. The number of features is the most 

important parameter to determine the run time. Although we ran only variable selection 

algorithms in our first manuscript, we recommend the use of variable selection (filtering) 

to overcome this limitation of ML. We also recommend taking advantage of parallel 

coding by defining the number of cores at the beginning.  

The future area of research is to understand if the methods described in this 

dissertation can be extrapolated to other disease conditions, specifically in cancer. This 

generalizability depends on the external validity of the cohort used in this dissertation. 

MM is a very special hematological malignancy with high mortality rates and can be 

difficult to classify by stages through claims data. Other malignancies have well defined 

stages where the costs can be better predicted within a given stage of cancer. The future 

implications of these methods include interdisciplinary applications throughout the 

healthcare sector, however, extensive validation in other disease states are required. 
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