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BMJ Open publishes all reviews undertaken for accepted manuscripts. Reviewers are asked to 

complete a checklist review form (http://bmjopen.bmj.com/site/about/resources/checklist.pdf) and 

are provided with free text boxes to elaborate on their assessment. These free text comments are 
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ARTICLE DETAILS 

TITLE (PROVISIONAL) Using Decision Trees to Understand Structure in Missing Data 

AUTHORS Tierney, Nicholas; Harden, Fiona; Harden, Maurice; Mengersen, 
Kerrie 

 

VERSION 1 - REVIEW 

REVIEWER Meredith Wallace 
University of Pittsburgh, USA 

REVIEW RETURNED 08-Feb-2015 

 

GENERAL COMMENTS Summary:  
This manuscript uses CARTs and BRTs to determine the structure 
of missingness in a data set. The authors apply these methods to a 
large occupational data set and also perform a small simulation 
study to assess these methods. This is a well written manuscript and 
an interesting idea that is definitely worthwhile to pursue. However, 
additional work needs to be done in order to provide a real 
contribution to the literature.  
Comments:  
1. More explanation for why is it important to understand the 
structure of missing data (especially using % missing in each row as 
an outcome) is needed. To aid in this, I would suggest the authors 
present the case study at the very beginning of the document and 
then highlight the types of problems that one might run into if they 
tried to analyze the data without understanding the missingness 
structure. On page 7 line 30 the authors note that it is important to 
understand the structure, but they do not clarify WHY it is important.  
 
2. Please clarify how an understanding of the missingness structure 
may or may not provide information for the missingness 
mechanisms (MAR, MCAR, MNAR). These two concepts are 
connected but (as you note) they are not the same thing. In some 
situations understanding the structure may help to understand the 
missingness mechanism, but not in other situations.  
 
3. More background on existing methods of visualization and 
understanding structure would be beneficial. Since this is really what 
the authors are expanding on, it would be useful to have a better 
sense for what is currently being done in this field in order to assess 
how much of a contribution they are making.  
 
4. CARTs and BRTs are not too common in practice, so a somewhat 
more extensive explanation would be beneficial to help orient 
readers.  
 
5. Why do you choose recursive partitioning instead of other 
variables selection methods (e.g., elastic net, stepwise regression, 
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etc.)?  
 
6. Why do you limit the method to modeling only % missing in each 
row? Wouldn’t it be useful to look at missingness (yes/no) in 
individual variables instead of (or in addition to) the % missingness 
overall? It seems that different variables could be missing for 
different reasons and it is important to clarify this prior to an analysis.  
 
7. The manuscript would be much easier to follow if the case study 
analysis and the sensitivity analysis were completely separate 
instead of being intertwined with one another.  
 
8. Simulation:  
a. I’m not a fan of the term “sensitivity analysis” here. To me this 
term implies a repeat of the primary analyses with a slightly different 
model or sample. I would just call it a simulation study.  
b. Where did the parameter values come from? Do simulations 1 
and 2 really present realistic and/or sufficiently complex data 
scenarios?  
c. 10 simulated data sets for each scenario is definitely not enough. 
A much larger number should be used in order to draw definitive 
conclusions.  
d. For simulation 1, am I correct that C1 determines whether C2, C3, 
F1, and F2 are each missing? And the outcome is % missing out of 
the 5 different variables? Please clarify in the text.  
e. In simulation 2, it is not clear how R1 and R2 are used. Why are 
the assessment criteira different than in simulation 1?  
f. In simulation 1 the missing data are MAR and in simulation 2 the 
missing data are MCAR. I would also like to see how these models 
perform when data are MNAR. It seems to me that if data are MNAR 
(i.e., missing because of unobserved values) the method would not 
work well since the data explaining the missingness are by definition 
not observed. This is important to address.  
  
The reviewer also provided a marked copy with detailed comments. 
Please contact the publisher for full information about it. 

 

REVIEWER Mark Hartney 
University of South Florida, United States of America 

REVIEW RETURNED 11-Mar-2015 

 

GENERAL COMMENTS Under the second paragraph of "Background and Significance", 
should the first parenthetical be "MCAR"?  
 
Under "Existing Approaches for Handling Missing Data", suggest 
defining homoscesdacity. I am a general surgeon with some 
statistical background, but I admit having to look this up.  
 
Under "Objective", suggest adding references earlier for CARTs and 
BRTs.  
 
I complement the authors on their description of how decision tree 
models work under "Materials and Methods".  
 
Strongly recommend tabulating the list of explanatory variables 
under the same section.  
 
Question on how and why the threshold value of 55 for C1 was 
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selected?  
 
Suggest adding brief description of "interaction depth".  
 
The discussion and conclusion are sensible (muted, even) and 
provide an element of clinical relevance. I am interested on the 
authors' take on what may be a begged question: At what point does 
missingness -- given that I would consider >60% to be a large 
amount of absent data -- make assessments such as these 
untenable? Worded differently, would the authors see value or 
comment here about a different study to analyze when variable 
proportions of data (e.g., 10%, 20%...95%) missing become more 
difficult to analyze? I would hypothesize that *less* missingness 
would be a greater challenge.  

 

VERSION 1 – AUTHOR RESPONSE 

Review 1: Meredith Wallace, University of Pittsburgh, USA  

 

Please state any competing interests or state ‘None declared’: None  

 

Please leave your comments for the authors below  

 

## Summary  

 

**This manuscript uses CARTs and BRTs to determine the structure of missingness in a data set. The 

authors apply these methods to a large occupational data set and also perform a small simulation 

study to assess these methods. This is a well written manuscript and an interesting idea that is 

definitely worthwhile to pursue. However, additional work needs to be done in order to provide a real 

contribution to the literature.**  

 

## Comments:  

 

### **R1 C1. More explanation for why is it important to understand the structure of missing data 

(especially using % missing in each row as an outcome) is needed. To aid in this, I would suggest the 

authors present the case study at the very beginning of the document and then highlight the types of 

problems that one might run into if they tried to analyze the data without understanding the 

missingness structure. On page 7 line 30 the authors note that it is important to understand the 

structure, but they do not clarify WHY it is important.**  

 

We address this comment by making the following changes to the manuscript.  

 

- We have changed the structure of the paper so that the case study has been moved to the 

beginning of the document in "Background and Significance".  

 

- We have added a paragraph in the discussion discussing the use of % missing data, which is given 

later in this document in response to R1 C6 directly about the use of % missing data.  

 

- We have described the types of problems that can occur when analysing the data without 

understanding the missingness structure, in the "background and significance", in the second 

paragraph:  

 

**A standard approach when seeing these data might be to run a linear regression of lung function 

being predicted by variables such as age, gender, SEG, smoking status, and BMI. However, standard 
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linear regression estimation methods require complete data, so cases with incomplete data are 

ignored, leading to bias (Greenland & Finkle, 1995; Sterne et al., 2009; White & Carlin, 

2010).Although methods such as multiple imputation could be used to impute the missing values, 

care must be taken to avoid bias (Sterne et al., 2009).**  

 

 

### **R1 C2: Please clarify how an understanding of the missingness structure may or may not 

provide information for the missingness mechanisms (MAR, MCAR, MNAR). These two concepts are 

connected but (as you note) they are not the same thing. In some situations understanding the 

structure may help to understand the missingness mechanism, but not in other situations.**  

 

We address this comment by adding an explanation of how missingness structure may/may not 

provide information for missingness mechanisms in the discussion:  

 

#### R1 C2:  

** It was mentioned in the introduction that knowing the structure of the missing data may not give a 

clear indication of the mechanism (in terms of MCAR, MAR, MNAR). However, understanding the 

missingness structure can help lead the researcher to create better imputation models or use 

alternative methods of addressing missing data, as well as improve future data collection or conduct 

their own further investigations into missingness structure.**  

 

### **R1 C3: More background on existing methods of visualization and understanding structure 

would be beneficial. Since this is really what the authors are expanding on, it would be useful to have 

a better sense for what is currently being done in this field in order to assess how much of a 

contribution they are making.**  

 

We address this comment by discussing in more detail the methods used for understanding missing 

data using visualisation in greater detail in "existing methods":  

 

#### R1 C3:  

 

**Common methods of handling missing data such as complete case analysis, missing indicator 

method, and last case carried forward have been shown to be acceptable when data is MCAR 

(Karahalios et al 2012; Karahalios et al 2013). That being said, most recommendations now are to 

use multiple imputation, but subject to some care as it only reduces bias from analysis when data are 

MAR or MCAR; multiple imputation also requires variables that influence missingness to be included 

in the imputation model (Greenland & Finkle, 1995; White & Carlin, 2010; Sterne et al., 2009; Schafer 

& Graham, 2002; Graham, 2009). When data are MNAR, multiple imputation can be used but 

requires the MNAR mechanism to be known, which is not often undertaken in practice (White & 

Carlin, 2010). Improving the understanding of missingness structure in a dataset allows for 

consideration of other appropriate multiple imputation methods, or other methods to incorporate 

partially observed variables, such as random effect models, Bayesian methods, down-weighting 

analyses, or pattern-mixture-models (Sterne et al., 2009; Little, 1993; Hedeker & Gibbons, 1997).**  

 

**There are** various approaches and packages **specifically developed to explore** missing data, 

**and** resultant imputation methods. **These include:** R packages VIM, Amelia, mi, the MANET 

program (Unwin, Hawkins, Hofmann, & Siegl, 1996), as well as the standalone software - 

MissingDataGUI (Templ, Alfons, Kowarik, Prantner, 2011; Honaker, King, & Blackwell, 2011; Su, 

Yajima, Gelman, & Hill, 2011). **These packages facilitate the graphical exploration of data prior to 

and after imputation to evaluate missingness trends and causations, and imputation accuracy, 

respectively. These methods require the user to visually search and find missingness trends and infer 

interesting structure, (Unwin et al.l, 1996; Swayne & Unwin, 1998; Templ et al., 2011). Whilst humans 
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are very good at finding patterns, a model driven approach provides a more precise and potentially 

more automatic framework for exploring missing data. We propose the use of decision trees as a 

complementary tool for doing this.**  

 

### **R1 C4. CARTs and BRTs are not too common in practice, so a somewhat more extensive 

explanation would be beneficial to help orient readers.**  

 

We address this comment by adding a paragraph describing the methods of CART and BRT in more 

detail:  

 

#### R1 C4:  

 

**Decision Tree models** are typically represented as tree-like structures. A Classification and 

Regression Tree (CART) analysis typically returns a single tree with multiple splits, depicted as 

multiple branches. **Growing a tree involves recursively partitioning the response into two parts 

based upon some value of a variable that best splits the data. The variable and split point are chosen 

to optimise a given goodness of fit criterion, such as minimising the residual sum of squares for 

continuous data or a measure of node purity (e.g., gini index or cross entropy) for categorical data 

(James et al, 2013; Breiman et al., 1984). This recursive partitioning continues until a selected 

stopping rule is reached, such as when there are fewer than 10 observations in each final partition - 

terminal node. (Breiman et al., 1984; Therneau & Atkinson, 1997).**  

 

The **final** depth of the tree, **the tree complexity, is measured by the total number of splits** 

determined by various goodness of fit measures designed to trade off accuracy of estimation and 

parsimony. A large CART model can be grown to fit the data very well, leading to over fitting and a 

reduced capability to accurately fit new data (robustness). To improve robustness in CART models, 

one can use cross-validation and **cost-complexity pruning, where models are grown on subsets of 

the data and then some "best" model is selected using criterion that best reduce a cost-complexity 

parameter** (Breiman et al., 1984; Hastie et al., 2009; Therneau & Atkinson, 1997; Sutton, 2005).  

 

**A useful feature of decision trees is the way that they handle missing data. Whereas some methods 

such as linear regression often default to only using complete data to predict an outcome, decision 

trees use the surrogate split method. This means that when a value for a variable is missing and that 

variable needs to be used to determine a split, an alternative variable that is highly correlated with the 

missing variable is used to determine the direction of the split (Breiman et al., 1984).**  

 

In contrast **to CART**, a Boosted Regression Tree (BRT) analysis typically generates many 

sequentially-grown simple trees based on random samples of the data. Each **sequentially-grown** 

tree focuses on the errors of the previous tree, **resulting in a model where emphasis is placed on 

observations that are poorly modelled by the existing collection of trees**. **The boosted model** 

returns a list of the variables used to create the splits in the different trees. A ‘relative weight’ is then 

calculated for each variable by taking the average number of times a variable is chosen for splitting 

weighted by the squared improvement to the model from each split and scaled to sum to 100 

(Friedman & Meulman, 2003). Larger weights indicate stronger influence.  

 

**Boosted regression trees require the parameters learning rate and tree complexity. It is worth noting 

that these terms are also referred to as shrinkage parameter and tree complexity, respectively. The 

learning rate controls how much each tree contributes to the model as it develops. Typically, a smaller 

learning rate provides better prediction than a larger learning rate. The tree complexity sets the 

number of interactions fitted in the model, where a tree complexity of two allows for two-way 

interactions, three allows for three-way interactions, and so on, (Elith et al, 2008). Creating 

reproducible results in the BRT model requires setting a random seed as the process used to create 
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the BRT model involves random subsampling of data.**  

 

Whereas the single trees produced by the CART analysis are appealing, they are less able to predict 

linear relationships, are very sensitive to small variations in data and may provide an 

oversimplification of the ‘real’ model (Breiman, 2001). In contrast, the BRT analysis is better able to 

describe linear relationships and is more robust in terms of predictive accuracy, although 

interpretability suffers as a result (Elith et al., 2008). Using both CART and BRT models provides 

complementary inference - one is simple but provides interpretability, the other provides complexity 

and robustness, but with reduced interpretability.  

 

### **R1 C5. Why do you choose recursive partitioning instead of other variable selection methods 

(e.g., elastic net, stepwise regression, etc.)?**  

 

To address this comment we include a paragraph in the discussion:  

 

#### R1 C5:  

 

**The analysis of missing data described in this paper is not limited to decision trees and could be 

extended to other analyses such as neural networks, random forests, and Bayesian Learning 

Networks. Moreover, decision trees themselves can be implemented using different varaible selection 

methods, although recursive partitioning is the standard choice (Breiman et al., 1984; Therneau & 

Atkinson, 1997), As illustrated in this paper, decision trees using recursive partitioning were desirable 

for ease of implementation, handling non-parametric data, and automatic handling of missing data.**  

 

### **R1 C6. Why do you limit the method to modeling only % missing in each row? Wouldn’t it be 

useful to look at missingness (yes/no) in individual variables instead of (or in addition to) the % 

missingness overall? It seems that different variables could be missing for different reasons and it is 

important to clarify this prior to an analysis.**  

 

To address this comment we have added a paragraph to the discussion:  

 

##### R1 C6:  

 

**In our analysis we used the proportion of missing data in a row as our response. This has the 

advantage of accommodating correlation between variables and providing a single, easily understood, 

summary statistic for missingness. Alternative measures of missingness of the dataset could be used, 

such as missingness in individual variables or an index based on a factor analysis, or similar 

dimension reduction method. These could then be used to predict other structural features of the 

data, such as multiple individual variable's missingness in a multivariate analysis, or clusters of 

missingness, and would tell us different things about the missingness structures in the dataset.**  

 

 

### **R1 C7. The manuscript would be much easier to follow if the case study analysis and the 

simulation study were completely separate instead of being intertwined with one another.**  

 

We address this comment by moving the simulation study into a single section.  

 

 

### **R1 C8. Simulation:**  

 

### **R1 C8-a. I’m not a fan of the term “simulation study” here. To me this term implies a repeat of 

the primary analyses with a slightly different model or sample. I would just call it a simulation study.**  
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We address this comment by changing "sensitivity analysis" to "simulation study"  

 

### **R1 C8-b-i. Where did the [simulation] parameter values come from?**  

 

We address this comment by providing more detail on the origin / of the simulation parameter values 

in the simulation method section.:  

 

#### R1 C8-b-i:  

 

In this first experiment, datasets were created where the variable instigating the missingness was 

either (i) not missing, or (ii) 50% MCAR. These new datasets contained five variables, two categorical 

and three continuous, with 1000 observations in each. The two categorical factors, F1 and F2, ranged 

uniformly across categories nominally labelled 1-7, and 1-10, respectively. The three continuous 

variables, C1, C2 and C3, were normally distributed with means and standard deviations of 50 and 

10, 90 and 10, and 30 and 3, respectively.  

 

**These variables and values were chosen to represent specific variables in our dataset: C1: age, C2: 

lung function, C3: BMI, F1: SEGs, and F2: a score obtained from a measurement. The variable C1 

determined whether C2, C3, F1, and F2 were missing such that when C1 was greater than 55 these 

variables went missing with probability 0.95. C1 was selected as the missingness instigator to mimic a 

scenario where someone aged 55 is not measured on a variety of variables.**  

 

The CART and BRT models were assessed on one hundred simulated datasets for each of these two 

scenarios, **where the outcome is the proportion of missing data in the variables C1, C2, C3, F1 and 

F2.**  

 

Model performance in the first experiment was evaluated based upon the criteria:  

 

A) Did the model predict the variable, C1, as responsible for the missingness?  

 

B) Did the model identify the threshold value of 55 for the variable C1 as the value causing the 

missingness?  

 

If the models performed well in this first experiment we have confidence that the models identify 

structured missingness.  

 

**Experiment Two**  

 

The second experiment explored the performance of decision trees for use with MCAR data. For the 

second experiment the CART and BRT models were assessed on two datasets, MCAR 20%, or 

MCAR 50%, with one hundred simulated datasets created. In this experiment, the simulated datasets 

were the same as the first experiment with the addition of two variables, R1, and R2, drawn from a 

random uniform distribution. **These last two variables were deliberately included as "noise" in the 

simulations to assist in assessing whether the models are overfitting the data. In addition to the 

criteria used for experiment one, we assessed experiment two based upon the variance in the 

measures of variable importance, as we are interested in exploring whether there variables are 

consistently selected as important in an MCAR scenario. If this is the case, then we can assume the 

decision tree models are simply picking up on noise, rather than signal. These variables represent a 

small, simple, and realistic dataset that we would encounter at our industry site (except for variables 

R1 and R2 from experiment 2). The intention was to evaluate the missingness represented by our real 

dataset, MAR and MNAR, and compare it to data MCAR to evaluate model performance.**  
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Variable importance was measured for each of the simulated datasets and was compared to the case 

study dataset. For both experiments in the simulation study, the BRT model had a smaller interaction 

depth of 2, rather than 5 that was used in the case study analysis, as the simulation study dataset had 

far fewer variables.  

 

### **R1 C8-b-ii Do simulations 1 and 2 really present realistic and/or sufficiently complex data 

scenarios?**  

 

We address this comment by providing in the second last paragraph of comment 8b-i  

 

### **R1 C8-c. 10 simulated data sets for each scenario is definitely not enough. A much larger 

number should be used in order to draw definitive conclusions.**  

 

We address this comment by using 100 simulated datasets making the appropriate changes in the 

method and results.  

 

### **R1 C8-d. For simulation 1, am I correct that C1 determines whether C2, C3, F1, and F2 are 

each missing? And the outcome is % missing out of the 5 different variables? Please clarify in the 

text.**  

 

We address this comment by providing in the comment 8b-i  

 

### **R1 C8-e-i. In simulation 2, it is not clear how R1 and R2 are used**.  

 

We address this comment by explaining this in the method section, see above in comment 8 b-i  

 

### **R1 C8-e-iiWhy are the assessment criteira different than in simulation 1?**  

 

We address this comment by explaining this in the method section, see above in b-i  

 

### **R1 C8-f. In simulation 1 the missing data are MAR and in simulation 2 the missing data are 

MCAR. I would also like to see how these models perform when data are MNAR. It seems to me that 

if data are MNAR (i.e., missing because of unobserved values) the method would not work well since 

the data explaining the missingness are by definition not observed. This is important to address.**  

 

We address this point by adding a paragraph to the discussion:  

 

#### R1 C8-F  

 

**Our simulation analysis performed the decision tree analysis on MCAR and MAR scenarios to 

evaluate model performance using a simple, known example of missingness. In the case study, 

however, although MAR and MCAR variables are present, the dominant form of missingness is 

MNAR, due to the nature of the medical examinations. Thus the methods suggested in this paper 

have been demonstrated to be effective for all three types of missingness. However, as indicated in 

the introduction, MNAR scenarios could be envisaged whereby the data exploring the missinginess 

are not observed structurally. This motivates further research on this issue.**  

 

# Review 2: Mark Hartney, University of South Florida, USA  

 

Please state any competing interests or state ‘None declared’: None declared  
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### **1. Under the second paragraph of "Background and Significance", should the first parenthetical 

be "MCAR"?**  

 

No, it is supposed to be MAR. To make this clear we have added another sentence describing how 

MCAR does not have any known structure as it is random in the "Background and Significance":  

 

#### R2 C1:  

 

These three varieties of missing data could be further divided into a knowable structure (MAR) or an 

unknown structure (MAR or MNAR), where the process driving data becoming missing are either 

known or unknown (Simon & Simonoff, 1986). **Data MCAR are without a structure, as they are 

missing without any dependence upon other variables.** Determining whether this is known or 

unknown is important for determining whether bias may be introduced into the analysis.  

 

### **2. Under "Existing Approaches for Handling Missing Data", suggest defining homoscesdacity. I 

am a general surgeon with some statistical background, but I admit having to look this up.**  

 

We acknowledge the reviewers comment, and have made changes to the sentence in bold below:  

 

#### R2 C2:  

 

Recent research has also provided statistical tests and software that evaluate missing data via 

patterns equality of means and **homogeneity of variance**, and allow for non-normal data. This is 

achieved, for example, in the MissMech package for the R statistical software (Janssen et al., 2010), 

which uses imputation (from either normal or non-normal distributions) to compare means and 

covariances. These tests enable the researcher to determine whether or not there is sufficient 

evidence for data to be declared as MCAR. However, understanding how and why missingness is 

being generated can become arduous when handling larger datasets, as they can have many 

missingness patterns, making inference difficult for the same reasons as having $p$ variables and 

$p(p-1)$ statistics, as explained previously.  

 

### **3. Under "Objective", suggest adding references earlier for CARTs and BRTs.**  

 

#### R2 C3:  

 

We assume that the reviewer means to move the explanation of the CART and BRT models to earlier 

in the paper, to be near that start part of "objective". To this end, we propose moving the first half of 

"Materials and Methods" into "Objective" to better describe the decision trees:  

 

Decision trees, in particular classification and regression trees (CARTs), and their cousins, boosted 

regression trees (BRTs), are well-known statistical non-parametric techniques for detecting structure 

in data (James et al., 2013). **Decision tree models are developed by iteratively determining those 

variables and their values that split the data into two groups, so that the response is most 

homogeneous within the groups and there is greatest difference between the groups (Breiman et al., 

1984; Hastie et al., 2009; James et al., 2013; Elith et al., 2008).** This paper demonstrates the 

application of CARTs and BRTs in understanding the structure of missing data.  

 

### **4. I complement the authors on their description of how decision tree models work under 

"Materials and Methods".**  

 

 

### **5. Strongly recommend tabulating the list of explanatory variables under the same section.**  
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We have elected to keep the explanatory variables listed as in the text and included table as 

supplementary material.  

 

### **6. Question on how and why the threshold value of 55 for C1 was selected?**  

 

We have responded to this in reviewer 1 comment 8-b-i  

 

### **7. Suggest adding brief description of "interaction depth".**  

 

We have responded to this comment in reviewer 1 comment 4  

 

### **8. The discussion and conclusion are sensible (muted, even) and provide an element of clinical 

relevance.**  

 

### **9. I am interested on the authors' take on what may be a begged question: At what point does 

missingness -- given that I would consider >60% to be a large amount of absent data -- make 

assessments such as these untenable? Worded differently, would the authors see value or comment 

here about a different study to analyze when variable proportions of data (e.g., 10%, 20%...95%) 

missing become more difficult to analyze? I would hypothesize that _less_ missingness would be a 

greater challenge.**  

 

We thank the reviewer for this interesting discussion point and discuss this here in the response. 

**Our initial thoughts are that our method would still perform well in identifying variables and 

interactions predicting missingness, even when the dataset does not have much missingness. For 

example, CART and BRT models are used in ecology in data that is often quite sparse, and still excel. 

Like the reviewer, we suspect that for data with very high levels of missingness, very different types of 

analyses, if any, should be undertaken. However, we acknowledge that we don't yet have a good 

understanding of what contributes an unacceptable level of missingness. This there is value in a study 

analysing various proportions of missingness, say from 5% to 95%. We did not delve into this area of 

simulation for this report as it is beyond the scope of this paper, which was to focus directly on the 

case study.** 

VERSION 2 – REVIEW 

REVIEWER Meredith Wallace 
University of Pittsburgh, USA 

REVIEW RETURNED 06-May-2015 

 

GENERAL COMMENTS This manuscript is much improved and provides a clear argument for 
the use of trees to understand the structure of missing data. I have a 
few comments that should be able to be easily addressed, but which 
do need clarification in the manuscript:  
 
1. Page 5 line 3: it might be clearer to say the number of observed 
variables per row divided by the number of possible variable in a 
row?  
2. Page 5 line 26: It will lead to bias only in some situations (e.g., 
MNAR). In MCAR it just leads to a loss of power.  
3. Page 6 line 17: For MNAR, the value of the variable that's missing 
is related to the reason it's missing. For example, if BMI is of interest 
but those with especially large BMIs are more likely to have missing 
BMI data. Your example of lung function and BMI does not sound 
like true MNAR.  
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4. Page 6 line 44: The discussion of known vs. unknown structure 
here is unclear. It might help you to first clearly define “structure” as 
you use this term.  
5. Page 31 line 51. You say your model helps to understand 
mechanisms. Typically, MAR, MCAR, and MNAR are called 
mechanisms. However, you at the very beginning of the manuscript 
list as a limitation (and I agree) that your model “Does not address 
whether the missing data is MCAR, MAR, or MNAR”. Please clarify. 

 

VERSION 2 – AUTHOR RESPONSE 

# Reviewer comment: 1. Page 5 line 3: it might be clearer to say the number of observed variables 

per row divided by the number of possible variable in a row?  

 

We address this comment by making the following changes (in asterisks):  

 

Here, the proportion of missing data per row was calculated as the number of **observed variables 

per row, divided by the total number of variables in a row**  

 

# Reviewer comment 2. Page 5 line 26: It will lead to bias only in some situations (e.g., MNAR). In 

MCAR it just leads to a loss of power.  

 

We address this comment by making the following changes (in asterisks):  

 

"A standard approach when seeing these data might be to run a linear regression of lung function 

being predicted by variables such as age, gender, SEG, smoking status, and BMI. However, standard 

linear regression estimation methods require complete data, so cases with incomplete data are 

ignored, leading to bias **when data is MNAR or MAR, and a loss of power when data are MCAR** 

[1–3]. Although methods such as multiple imputation could be used to impute the missing values, care 

must be taken to avoid bias [2]"  

 

 

# Reviewer comment 3. Page 6 line 17: For MNAR, the value of the variable that's missing is related 

to the reason it's missing. For example, if BMI is of interest but those with especially large BMIs are 

more likely to have missing BMI data. Your example of lung function and BMI does not sound like true 

MNAR.  

 

We address this comment by making the following changes (in asterisks):  

 

"The third category is missing not at random (MNAR), where the missingness of the response is 

related to an unobserved value relevant to the assessment of interest. For example, if **BMI is of 

interest but those with especially large BMIs are more likely to have missing BMI data**, these data 

can be considered as MNAR"  

 

# Reviewer comment 4. Page 6 line 44: The discussion of known vs. unknown structure here is 

unclear. It might help you to first clearly define “structure” as you use this term.  

 

We address this comment by making the following changes (in asterisks):  

 

"These three varieties of missing data could be further divided into a  

knowable structure (MAR) or an unknown structure (MAR or MNAR),  

where the process driving data becoming missing are either known or  

unknown [5], **and structure refers to variables and interactions that may influence missingness.** 
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Data MCAR are without a structure, as they are missing  

without any dependence upon other variables. Determining whether  

this is known or unknown is important for determining whether bias may  

be introduced into the analysis."  

 

 

# Reviewer comment 5. Page 31 line 51. You say your model helps to understand mechanisms. 

Typically, MAR, MCAR, and MNAR are called mechanisms. However, you at the very beginning of the 

manuscript list as a limitation (and I agree) that your model “Does not address whether the missing 

data is MCAR, MAR, or MNAR”. Please clarify.  

 

We address this comment by making the following changes (note in asterisks) to better convey our 

overall message that these decision tree methods understand structure in missing data:  

 

"The use CART and BRT **models** have allowed us to develop our understanding of **missingness 

structure** in the data. The authors’ experience in using these models was that they motivated the 

appropriate questions to explore the missing data structure, leading to a better understanding of the 

origins of the data. This understanding will help improve both data collection and the handling of 

missing data in future analyses." 
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