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CHAPTER 1 

Introduction  

Qualitative and quantitative approaches to research signify the importance of salient 

findings based on the topic of interest. Further emphasis is placed on scientific methodologies 

that explain and prove results through the assortment of data, while ensuring the research topic is 

summarized and discussed. Regardless of how pragmatic the data collection approach may 

appear, when selecting the research design, a researcher is likely to encounter missing data (e.g., 

missing items not answered on a survey). Missing information could also occur if a survey 

respondent inadvertently leaves an item unanswered, a lack of interest on the part of the 

participant, purposeful refusal by a participant to complete one or more survey items, or by time 

constraints during the data collection process.  

Statistical challenges associated with missing data sometimes infer false assumptions 

(e.g., concluding the unobserved data is related to the observed information) which could lead to 

inadequate research conclusions about the topic of interest. Issues of conceptual validity (e.g., 

how the hypothesis relates to the theory) and computational conflicts (e.g., altering the dataset to 

account for missing information; Schafer & Graham, 2002) can prove burdensome for 

researchers when selecting the best statistical procedure. Moreover, the researcher may 

encounter challenges within the dataset itself, producing false assumptions on the type of missing 

data, potentially causing ineffective estimation of nonignorable missing data; hereafter, reporting 

false conclusions. Several approaches have been developed by statisticians to understand and 

acquire methods to deal with missing data; however, despite these developments, many applied 

researchers simply use the default setting available through common software programs. Most 
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often, these preset mathematical standard functions involve the deletion of any case where one or 

more of the variables used in the analysis are missing (Collins, Schafer, & Kam, 2001).   

To demonstrate effective missing data methods, past research have described varying 

methods, each with its own set of advantages and disadvantages (e.g., Baraldi & Enders, 2010; 

Collins et al., 2001; Schafer & Graham, 2002; West, 2001; Lüdtke, Robitzsch, & Grund, 2016).  

Examples of more traditional approaches for dealing with missing data include listwise deletion 

or dummy coding, while modern methods comprise of imputations that generate actual values for 

the missing data. Methods such as multiple imputations appear to be among the best performers 

(Sinharay, Stern & Russell, 2001), accounting for the uncertainty of missing values including 

parameter estimates. For the purposes of this paper, modern methods encompass replacements 

(imputations) of missing data values using probability distributions based on unbiased 

approximations of the observed values. This present study aims to explore and demonstrate the 

explanation and validation of several currently available methods for managing missing data by 

assessing a longitudinal dataset, in hopes of increasing awareness of these alternative approaches 

among researchers in the social and behavioral sciences, as well as to provide an extended 

example regarding their differential statistical capabilities with real-world data. 

Types of missing data 

 Missing data appear in nearly every type of research, and it is essential to note there can 

be more than one different type of missingness that could come about within a dataset. Missing 

data arises when information is absent or lost for an unexplained reason, as participants could 

skip a survey item or drop out of a study. On the same token, data can be lost during the data 

collection phase, wherein incorrect coding of the dataset causes errors among the observed and 

unobserved values (e.g., creating false patterns which do not exist).  
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Statisticians have created a classification system for various types of missing data, 

derived from Rubin’s (1976) categorization on the three types of missing data which are: (1) 

missing completely at random (MCAR), (2) missing at random (MAR), and (3) missing not at 

random (MNAR). MCAR occurs when there is no systematic relationship between both the 

missing and the observed data, where the missingness is described as missing completely at 

random. As a demonstration, a participant may have accidently skipped a survey item, wherein 

there is no systematic cause for the missing value in the study. MAR takes place when the 

missingness depends on one or more observed variables from the data, and not on information 

that is itself missing. For instance, the missing data may be related to the gender of the 

participant and not related to any other variables or patterns in the dataset. Missing data is 

classified as MNAR when the missingness of the incomplete value is related to the missing value 

itself. For example, a participant may have skipped a test item because they believed that they 

would answer incorrectly. MNAR is considered to be the most difficult type of missing data to 

deal with and it is frequently referred to as nonignorable, as statisticians are unable to determine 

the reason for the missing value. This type of missingness requires former knowledge to interpret 

the missing value, dissimilar from MCAR and MAR (see Figure 1).  

Methods for dealing with missing data. There are a number of methods designed to 

account for missing information, with some removing missing values and others replacing them. 

More commonly assessed methods are statistically easier to conduct with the computer software, 

while others require several steps that can be relatively difficult to carry out. Traditional 

approaches for handling missing data commonly comprise of data deletion methods. These 

methods involve ignoring cases that have missing information for the variables being used in an 

analysis. The two most common data deletion methods are: listwise deletion (complete-case 
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analysis) and pairwise deletion (available case method; Allison, 2002; Marsh, 1998; McKnight & 

McKnight, 2011; Peugh, & Enders, 2004; Schafer & Graham, 2002). Listwise deletion consists 

of deleting the entire participant’s record if there are missing data for any variable used in the 

analyses. Alternately, pairwise deletion measures all observed data when it is available via 

means of assessing various subsets of items that are correlated (e.g., computing covariances). If 

an item is not ‘paired’ with another item, it is neither replaced nor discarded. These popular data 

deletion methods are frequently calculated, as they are often the default methods in many 

computer programs; however, they can sometimes present several statistical biases in the data 

analysis.   

Another traditional approach that accounts for missing data, are imputations, and unlike 

the data deletion methods, these imputations replace the missing data with actual values. These 

generated values are possible approximations of what the missing data might have been. Once 

the unobserved value is assigned a value, the analysis can then be conducted, treating the entire 

dataset as if there were no missing data. These imputations methods are categorized as constant, 

random, or nonrandom values. Constant imputations include: arithmetic mean imputations, zero 

imputations, maximum-likelihood estimated mean and median substitutions; while random 

imputations encompass hot-deck and cold-deck imputations. Nonrandom imputations consist of: 

last and next average imputation, last observation carried forward imputation, and regression 

imputation. These particular methods were selected as they are considered to be an easier method 

of assessing missing data when data deletion approaches are not used (see Enders, 2010; 

McKnight, McKnight, Sidani, & Figueredo, 2007), and for the purposes of this paper, the 

traditional arithmetic mean imputation method was selected.   
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Modern missing data methods assume an underlying distribution about the missing 

values, as opposed to traditional methods which do not make any assumptions about the 

distribution of the unobserved values. More importantly, modern methods typically demonstrate 

stronger estimation properties providing an unbiased estimation of the missing values. For 

example, maximum-likelihood (ML) has been considered an effective modern method approach, 

as it approximates the parameters through the use of hierarchical linear modeling or structural 

equation modeling (McKnight et al., 2007). In particular, ML estimate parameters of interest by 

identifying values that are most likely based on the sample data at hand.  

Multiple imputation (MI) is considered to be a more meaningful modern method 

approach (Baraldi, & Enders, 2010; Collins et al., 2001; Graham, Taylor, Olchowski, & 

Cumsille, 2006; Peugh & Enders, 2004). MI requires a complex modeling strategy to replace the 

missing values, including a random element to reflect uncertainty regarding the actual value.  

Several imputations are created for each missing data element, and the resulting datasets are all 

analyzed independently, after which the output of these analyses are then combined. Both MI 

and ML will be assessed in this study as they are a highly recommended method for dealing with 

missing data (Allison, 2002; Enders, 2010; Schafer & Graham, 2002), and they provide 

unobserved values with reduced bias, even when evaluating secondary data sets (e.g., Young & 

Johnson, 2013).  

Missing data in practice 

The presence of missing data directly influences research issues pertaining to the validity, 

reliability, and generalizability of the outcomes. Given this potential for dramatic impact on 

research findings, past controversies have suggested that missing values of a particular variable 

are no different from information obtained from observed measurements. However, some 
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researchers have “….often claimed or assumed that their data is ‘missing at random’ without a 

clear understanding of what that means” (Allison, 2002, p. 3). Regardless of the type of 

missingness encountered, the amount of missing values from the entire dataset is more prevalent, 

because if there is too much data missing (e.g., over 40% of the data) this will lead to statistical 

errors when making inferences about the population of interest.  

In relation to the field of psychology and research, analyses involving missing data must 

be interpreted with caution as attempts to recover missing values may in fact weaken inferences 

about the target population. For example, results can be skewed when findings inflate or deflate 

test scores for a particular group of students whose scores are reported. As an illustration, a 

teacher may wish to collect information on the average reading test scores of ten students in the 

classroom. On the day of the exam three out of the ten students were absent, and the classroom 

average was calculated based on the seven students present. The average score generated was 

then computed to generate a predicted value of what the three students’ test scores would be. 

However, from the sample, three of the seven students scored in the above average range when 

compared to the other students who completed the exam. In this instance, caution must be used 

when replacing the missing students test scores as the missing values may be inflated due to the 

higher scores from the three students. 

Baraldi and Enders (2010) reviewed traditional versus modern approaches to managing 

missing data and recommended modern approaches such as multiple imputation or maximum 

likelihood, as those methods reduce the occurrence of biased estimates or false standard errors. 

These findings are similar to other studies that have evaluated both traditional and modern 

methods when analyzing missing data (Cook, McIntosh, Reason, & Terenzini, 2014; Ferro, 

2014; Newman, 2003). Furthermore, with the advancement of statistical software (e.g., PROC 
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MI in SAS, and Impute Missing Values in SPSS), researchers in the field of school psychology 

have increased their use of missing data analyses.  

The purpose of this study is to exemplify several missing data approaches when assessing 

missing data within an existing dataset, as a means to demonstrate both how the various methods 

work in actual practice, and to provide applied researchers with evidence regarding differential 

results that may arise when selecting one approach over the other. Specifically, this study 

evaluated a longitudinal dataset involving high school students’ academic performance to 

determine whether they attended college after graduating high school. This particular dataset was 

chosen because of the richness of the variables included and the relatively large quantity of 

missing data.  

Longitudinal Dataset 

 This study utilized the publicly available dataset collected by the Educational 

Longitudinal Survey (ELS: 2002), that is supported by the National Center for Education 

Statistics (NCES). ELS: 2002 offers a longitudinal dataset surveying high school students as they 

transition to life after high school. Past research has evaluated this dataset to define 

postsecondary education plans and enrollment, upon the completion of high school. Many 

previous ELS studies featured varying methods when accounting for missing data. For instance, 

Williams (2009) summarized the reduction in the sample size once the missing data were 

removed from the analysis, while Gemici and Rojewski (2010) briefly discussed using listwise 

case deletion to remove subjects with missing data from the dataset (reducing the sample size 

from 2,077 to 1,752).  

Engberg and Wolniak (2010) computed EM algorithms to impute missing values at the 

student-level prior to running the HLM analysis. A January 2014 ELS report by Lauff & Ingels 



 
	

8	

described single imputation by means of hot deck (weighted) procedures to account for missing 

demographic variables, and the use of multiple imputation to decipher students reading and math 

scores from their sophomore year in high school. Their report did not mention the bearing of 

having missing data, but rather it examined the outcomes of the students after they graduated 

high school (e.g., employment, postsecondary education, living arrangements, etc.). These past 

research studies have not conducted multiple imputation to determine potential statistical biases 

that may arise with large datasets; thereupon, this current study aims to utilize the dataset to 

depict common missing data analyses, and offer a rationale for the best missing data approach 

when evaluating a longitudinal dataset. 

Significance of Study 

The goals of this study is to compare and contrast several statistical methods used for 

dealing with missing data, suggestive of challenges that may present themselves with various 

missing data analyses. More notably, the results from this study can benefit and enhance 

researchers knowledge on the implications of missing data, as well as demonstrate alternate 

analyses that may be more effective in accounting for missing data when assessing a longitudinal 

dataset. Additionally, the study further discusses the differences in results obtained using modern 

missing data approaches with those of traditional methods.  
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CHAPTER 2 

Review of the Literature 

Researchers encounter missing data when collecting, measuring, and analyzing data. 

These missing values may emerge in a dataset based on the study design where there are 

differences between the control and treatment groups. Missing information can also transpire 

based on the interaction between the participant and the study being conducted, including 

skipping test items or having participants drop out of a study. When researchers are confronted 

with missing data, they can either choose not to report the missing values (data deletion) or they 

can conduct a statistical analysis that account for the missing data (imputations). 

History and development of methods for dealing with missing data 

In the past, missing data studies and analyses were not common practice as it was only 

until the 1970s that missing data gained popularity through the practice of algorithm with 

maximum-likelihood estimates (Dempster, Laird, & Rubin, 1977). Further insight on the types of 

missingness were later added to the literature in the late 1970s when Rubin (1976) explicated the 

concept of missing information; wherein, the unobserved values within a dataset could carry both 

ignorable and nonignorable missing values.  In the early 1990s statisticians applied a method of 

reweighting on regression models with missing at random data, and used missing covariates to 

account for the missing data (e.g., Ibrahim, 1990). Emerging in the late 1990s and early 2000s, 

Schafer and Graham both published several articles (Graham, Hofer, & MacKinnon, 1996; 

Schafer, 1999a; Schafer & Olsen, 1998; Schafer & Schenker, 2000) indicating the relevance of 

multiple imputation (MI) and its effect on multivariate data when information is missing from 

the dataset. Within the past 40 years, there has been an increase in the amount of modern missing 

data techniques incorporated into empirically-based journal articles (e.g., several publications 
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each from Rubin, Allison, Little, Peugh, Enders, and Graham); however, the statistical 

advantages and disadvantages of these methods are frequently too complex to interpret, as the 

statistical computer software requires multiple procedures (e.g., calculating a number of 

estimates for a missing value). 

Many educational researchers select traditional approaches to account for missing data 

such as the data deletion method (Peng, Harwell, Liou & Ehman, 2002), as opposed to modern 

approaches involving MI (Schafer & Graham, 2002). Correspondingly, in the counseling 

psychology field, suggestions for best practices in reporting missing data have pointed to MI and 

maximum likelihood as the principal method to report missing data rather than other methods: 

i.e., mean substitution (Schlomer, Bauman, & Card, 2010).  

More recently, statisticians handle complete missing data by incorporating modern 

missing data techniques versus ad hoc missing data procedures. Unlike traditional approaches, 

these methods produce unbiased values when the missing data is classified as either missing 

completely at random or missing at random (Baraldi & Enders, 2010).  Furthermore, in contrast 

to traditional approaches, modern missing data analyses do not discard any observed values in a 

dataset. In some instances, researchers have even made the distinction between missing predictor 

values and missing outcome variables (e.g., Moons, Donders, Stijnen, & Harrell, 2006) when 

defining the missingness among the independent and dependent variables.  Moreover, ‘planned 

missing’ data (sometimes referred as efficiency designs) have been implemented to omit items 

from some participants through random assignment (Silvia, Kwapli, Walsh, & Myin-Germeys, 

2014), once the missingness is presumed to be completely at random.  
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In the following sections of this chapter both traditional and modern methods for treating 

missing data will be described.  To begin, we will consider the various types of missing data and 

its effect on statistical analyses. 

Ramification of missing data 

 Ignorable missing values are considered the easiest to deal with, in terms of data analysis 

because the statistician need not be concerned about the cause for the missing value, since it is 

random. The ignorable missing data could also be related to another variable that has been 

collected. An example of this would be if only males in a study skipped a particular test item. In 

this instance, the researcher would require a variable, in which they could gather all of the gender 

information on all respondents (e.g., items relating to height). In comparison, nonignorable 

values arise when the researcher is unable to decipher the cause of the absent information. With 

the example listed above, the researcher may have missing data on the height of the participant, 

but the researcher cannot make out the cause of the missingness.  The ignorability of missing 

information becomes important when determining the aftermath of the unobserved value to the 

observed values within a dataset. In turn, this will influence how well the statistical results are 

applicable to the population or topic of interest.  Below provide examples on the various 

classification types to label missing values.  

Missing Data Classifications 

 Understanding the type of missing data allows researchers to regulate how best to deal 

with missing information. Assumption checks with regards to missing data further allow the 

researcher to anticipate plausible outcomes for statistical inferences about the actual value.  

Researchers have employed Rubin’s (1976) missing data classification system when describing 
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these various types of missing values to draw conclusions on any systematic patterns or 

differences among the sample of interest.  

 In order to understand Rubin’s missing data classification system, we must introduce 

some of the notations used to describe it. First, Rubin defined ‘R’ and ‘phi’ where R represents a 

matrix of 1’s and 0’s for both the observed and missing values. The relationship of phi is a 

component of missing data, which is the basis for Rubin’s three missing data categories: missing 

completely at random, missing at random, and missing not at random (Rubin, 1976). 

Specifically, Phi represents the correlation between the observed and missing data as they relate 

to ‘missingness.’ In other words, what is the relationship (if any) between the observed and 

missing data? Essentially, these categories of missingness demonstrate differences in the 

relationship between the missing data and the observed variables.  

 As a model, a potential research study could include a sample of 500 high school students 

in 12th grade. With this example, the research study includes several variables: demographics 

(gender and ethnicity), extracurricular activities (yes/no), anxiety scale (10-items), motivation 

scale (10-items), and academic grades. These variables may be selected in order to discover any 

commonalities related to a student’s likelihood of graduating high school. Assessments for 

academic progress may have norm-referenced tests (SAT) along with curriculum based measures 

(classroom test scores per subject). Here, ‘R’ would represent all of the information collected by 

the researcher, consisting of missing and non-missing data. ‘Phi’ would represent the relationship 

between both the missing and the observed data (see Figure 2).  

Missing completely at random (MCAR) 

Data missing completely at random is considered to be the simplest type of missing data 

to understand (Graham, 2009). This type of missing data has no pattern among the missing data 
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values: i.e., truly random missingness, which does not take into account any relationship between 

the missing value and the observed value.  MCAR may occur, if the participant drops out of the 

study without any correlation to the observed value (the missing data does not depend on any 

other variable in the dataset). An example of MCAR could include computer errors in scoring a 

grid sheet (Baraldi & Enders, 2010) in which the missing data is unrelated to the observed 

variables being measured. This type of assumptions is best explained when there is only one 

variable with missing data (Allison, 2009); however, there can be more than one variable that is 

MCAR.    

MCAR does not allow for the possibility for the missingness of one variable to be related 

to the missingness of another variable. In other words, there is nothing in the dataset indicating 

the cause of the missing information, nor is the missing value systematically associated with an 

unobserved variable. For instance, a participant may not have completed all of the survey items 

due to time constraints, in which the missing data is unrelated to the items of the survey, but 

rather a conflict of external validity. Researchers have inferred this type of missing data 

classification to be associated to the data collection process (see Peugh & Enders, 2004), as 

opposed to being an issue with the dataset itself. If the MCAR assumption is violated (without 

the researcher knowing) then there is a systematic difference between the observed data and the 

missing data, known as ‘observed at random’ (Allison, 2002). This systematic process can lead 

the researcher to make inferences about the sample which may not be true, depending upon the 

quantity of missing values (potentially a Type I Error).    

Missing at random (MAR) 

Missing at random (MAR) infers the probabilities of missingness to depend on the 

observed data but not on the missing data itself. In other words, there is a correlation between 
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one or more observed values and the missing data. If a sub-sample of participants did not answer 

the survey item relating to the ‘weight’ variable, then another variable, such as ‘gender’ could 

suggest that only females did not complete the survey item of ‘weight.’ The missing information 

would then be classified as MAR, as the weight items would be correlated with gender. 

Important to note, researchers have indicated (in many cases) an erroneous assumption of MAR 

(versus MCAR) which may only have a minor influence on the estimates and standard errors as 

MAR relies on the observed values to account for the missing value; whereas, MCAR cannot 

account for the cause of missingness (Schafer & Graham, 2002). 

It can often be challenging for the researcher to accurately ascertain the cause of the 

missing value, making it problematic to decide if the missing data is strictly MAR or MCAR 

(Saunders, Morrow-Howell, Spitznagel, Doré, Proctor, & Pescarino, 2006). When implementing 

longitudinal designs, there may be a high attrition rate among the sample, at which point the 

missingness is constant among the sample, allowing the use of MAR. When the missing values 

are categorized under MAR, the relationship between the missing and observed data can be used 

for imputation (see imputation section).   

Missing not at random (MNAR)/Nonignorable missing data 

Missing not at random (MNAR) occurs when the probability of the missing value is 

directly related to the missing value itself. The challenge with MNAR is being unable to 

calculate the actual value of the unobserved variable, because it is associated with information 

that is not available in the data analysis; i.e., the missing value itself. In other words, there is no 

correlation between the observed and missing data, but the missingness is not MCAR since it is 

associated with the missing value itself. Contrary to MAR, this missing data classification arises 

when participants fail to respond to a specific type of question related to their own personal 
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reasons. For instance, a researcher could be collecting data on the amount of illegal drugs used 

among participants, wherein several participants skipped that item on the survey because they 

did not want to reveal their drug use. Based on information from the survey alone, the researcher 

would be unable to derive to this conclusion.   

Since the missing data is not available, because of what the actual value would have 

been, this type of missing information is the most difficult type when compared to MCAR and 

MAR (Buhi, Goodson & Neilands, 2008; Graham, 2009). Any attempt to deal with MNAR data 

will lead to biases in the statistical analysis. As a demonstration, biases can take place if the 

participants used in the study do not accurately represent the population of interest (e.g., the 

sample only has graduate students versus having both undergraduates and graduates). 

Additionally, sampling error may take place if there are extreme scores within the dataset, such 

as surveying students who have worked over five years while the population of interest focuses 

on students who have worked for the past two years. 

Looking at Rubin’s missing data classification system, it does not infer causal 

relationships among the missing values, but rather describes statistical relationships (Schafer & 

Graham, 2002). Researchers have offered conducting a sensitivity analysis for MAR data (when 

the cause of the missingness is uncertain) and with MNAR data (Molenberghs, 2007; 

Molenberghs & Kenward, 2007; Verbeke & Molenberghs, 2000); however, it is typically only 

recommended when the missingness is classified as MNAR. Specifically, sensitivity analyses 

incorporate several nonrandom models based on the essential variables from the same dataset to 

hypothesize the MNAR missing data values. This method is beneficial when there are few 

missing values for binary non-quantitative outcomes, in order to compare the ‘best’ missing data 

values with the ‘worse’ (Sterne, White, Carlin, Spratt, Royston, Kenward, Wood & Carpenter, 
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2009). Caution is recommended as alternate models can produce varying estimates (Enders, 

2010). Once the unobserved values are placed into a missing classification system, researchers 

then select a traditional or modern data approach to account for the missing data. 

Traditional Approaches 

 Traditional approaches for dealing with missing data gained popularity when methods for 

handling missing values were first introduced, offering alternate statistical methods to solve for 

missing information. In particular, older traditional methods comprised of deleting incomplete 

cases of participants’ information and even recoding variables (dummy coding) to account for 

the missing data prior to conducting a statistical analysis. Fundamentally, these methods offer a 

‘clean’ dataset with no missing data, in order to evaluate the dataset in any statistical software. 

Traditional approaches are typically not as common as they were in the past; however, they are 

still used today (Graham, 2009) depending upon the number of missing values that are in a 

dataset; as such, it is still important to understand the implications of these approaches, 

regardless of their methodological strength.    

Data deletion methods 

 Data deletion methods are considered the most common and simplest approach used to 

handle missing information (Cool, 2000; Saunders et al., 2006). Popular data deletion methods 

include listwise deletion (also called case deletion or complete-case analysis) and pairwise 

deletion (also called available-case analysis). Further data deletion methods available are: item 

analysis, individual growth curve analysis, and multisampling analysis. The purpose of these 

data deletion methods is to eliminate or remove participant information or case records when 

only partial information or incomplete data are available.     
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Listwise deletion 

 Listwise deletion removes and eliminates any observation from the sample that has 

missing data on any variable by applying a method of analysis for complete datasets. 

Additionally, listwise data deletion restricts the analysis by only considering complete cases, 

allowing the researcher to complete less complicated statistical methods, thus yielding a ‘clean’ 

set of data. In other words, listwise deletion does not require any special computational method 

of analysis; hence, producing a consistent set of cases for all the analyses. Convenience is 

probably the most common reason why this method is preferred (Enders, 2010) as popular 

computer programs (e.g. SPSS) offer a user-friendly selection for data deletion.    

 An entire participant’s record or case is deleted if one or more values are missing, 

causing the reduction of statistical power for the dataset, a potential disadvantage. Furthermore, 

while running listwise deletion (prior to running the statistical analysis), the results may be 

problematic if the probability of the missing data depends on both the dependent and 

independent variables: i.e., when the data is MAR (Allison, 2002). For example, challenges may 

arise if there is missing data on a test instrument, as well as missing demographic information 

about the participant. In this occurrence, the researcher is unable to control whether or not the 

‘missingness’ in the dataset is due to one or more of the observed values, as opposed to the 

randomness. This could further lead to increased statistical biases, as the researcher would be 

unable to decipher whether the analysis is routinely estimating accurate values relating to the 

population of interest.  

Listwise deletion has been described as “wasteful” when it discards a large number of 

variables, which can cause unbiased estimates of regression slopes when using any of the 

missing data mechanisms (Enders, 2010, p. 40). This method is only recommended when the 
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missing values are MCAR (see Schafer & Graham, 2002), as it eliminates any potential patterns 

among the missing values. Problematically, listwise deletions can get rid of missing values that 

are nonignorable that need not be discarded. With the example of the high school students listed 

at the beginning of the chapter, let’s say about half of the sample (total sample = 500 students) 

did not specify either their gender or ethnicity. The listwise deletion method would reduce the 

sample size to 250 students after discarding the missing variables.  

Pairwise deletion 

Pairwise deletion computes the summary statistics on all of the cases that are available, 

and it is commonly assessed with linear models, especially with linear regression and factor 

analysis.  Researchers further use this method when there are various subsets of cases that are 

correlated (Marsh, 1998). If the missing data is MCAR, pairwise deletion offers parameter 

estimates that are unbiased to large samples. If the subset of each case is not correlated, this 

method can still work with varying sample sizes (e.g., ANOVA). Moreover, if the dataset has a 

low to moderate correlation among the variables, according to Glasser (1964), this is a stronger 

method than listwise data deletion (as cited in Enders, 2010).   

 The difficulty with pairwise deletion when using statistical software, is that it can create 

biased results for the hypothesized standard errors and test statistics, when the missingness are 

MAR or MNAR. For instance, some computer software requires the maximum number of cases 

on the variable with the most missing data; whereas, others involve the minimum number of 

cases to figure out each covariance (Allison, 2002). This method can be challenging to assess, as 

it demonstrates difficulty computing the regression model, since the covariance matrix cannot be 

positive when the sample size is small. 
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 As a demonstration (based on the example mentioned above), a researcher may want to 

compare high school students’ level of anxiety one month before and after taking the SATs. 

Let’s say the anxiety scales (10-items) were all correlated to one another, in which the scaled 

items can be grouped together if needed. For example, a student may skip the anxiety question 

for item number 4. Instead of implementing the listwise deletion approach (which would delete 

the entire record for this student), pairwise deletion would estimate the relationship between each 

pair of variables with actual values. So for this student, pairwise deletion would calculate the 

correlation between items 1 and 2, items 2 and 3, items 1 and 3, and then finally the item paired 

between items 1 and items 5 (since there is no data for item 4). This continues on until all the 

items values for the anxiety scale are paired.  

Imputations 

In comparison to data deletion methods, imputations replace the missing values with 

values that can be used in subsequent statistical analyses. The missing information is given an 

assumed value prior to conducting the analysis of interest (e.g., regression, t-test, or analysis of 

variance). Imputations are described as “…means or draws from a predictive distribution of the 

missing values, and require a method of creating a predictive distribution for the imputation 

based on the observed data” (Little & Rubin, 2002, p. 59). Below describe several categories of 

single imptuations to replace the missing information.  

Constant value imputations 

 Constant value imputations involve using the same value to replace all of the missing 

values. Often, these imputations require substituting the missing value with a value such as the 

mean or median. Arithmetic mean imputation replaces the missing value with the mean of the 

data available on a particular variable from the sample; whereas, maximum likelihood mean 
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substitution computes the estimated population mean. While these are common approaches in the 

social and behavioral sciences, statisticians are cautious with these methods as they can produce 

biased parameter approximations.  

Arithmetic mean imputations 

 Arithmetic mean imputation are applied when there are small volumes of missing data, as 

there would only be a few instances of missing data throughout the dataset.  Also known as mean 

substitution or unconditional mean imputation, this method replaces missing values with the 

arithmetic mean based on the observed values. In other words, the missing values are replaced by 

the mean derived from the observed values of other participants. Arithmetic mean imputations 

are common practice, because the mean is easy to obtain and it produces complete datasets; 

nevertheless, it is not a recommended method and is regularly perceived as being ineffective 

(e.g., Gemici, Rojewski, & Lee, 2012; Enders, 2010).  

 More precisely, this method creates biased parameter estimates (even when the data is 

MCAR), as the use of the mean will artificially reduce the variability of the data, demonstrating 

false standard deviations and standard errors.  Hence, the result of underestimating the standard 

errors is an artificial inflation of test statistics, which in turn calculates a low p-values and creates 

an associated inflation of the Type I error rate with the null hypothesis being falsely rejected. 

Results could further show false correlations among participants (e.g., test scores). Several 

statisticians (e.g., Enders, 2010; Graham & Hofer, 2000) have indicated it is the worst imputation 

method to handle missing data.  

 As an example, the high school research dataset (as mentioned above) may have several 

missing values for the SAT scores among participants. For instance, there could be about 20% of 

the SAT scores missing (for participants who were administered the SATs). The mean would be 
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calculated by computing the actual values from the participants who wrote their SAT score (the 

remaining 80% of the sample). The missing value would then be replaced with the overall 

average from the observed values. Discrepant from data deletion methods, imputations will 

generate actual values for the missing data. Now that a value has been created, the data set would 

demonstrate no missing values.  

Zero imputations 

A popular method for handling missing data, particularly in testing situations, is zero 

imputation. This imputation is administered in the most conservative way and frequently applied 

when evaluating item response data, where zero represents an incorrect or missing response. If 

the reason for the missing data is derived from several different factors (in which all of the 

missing data is not indicative of poor results) this approach may then be an effective method. If 

the reason for the missing data is only due to weak results, then this method will be ineffective 

(see McKnight et al., 2007). Similar to mean imputation, it is often not a recommended method.  

Zero imputations can only be implemented when the value of zero is plausible. It is 

commonly adapted when the missing data is assumed to be derived from the individual’s skill or 

ability to complete the actual item (Robitzsch & Rupp, 2009). Potential concerns with this 

approach take place when the missing value is acquired from attrition rates rather from the 

individual’s response. Additional conflicts arise if the survey item contain more zeros (missing 

values) versus ones (actual values). In this instance, there would be outliers negatively impacting 

the results of the study. The use of zero imputation also leads to underestimation of test scores, 

and overestimation of item difficulty (Finch, 2011). 

Using the high school research example, zero imputations may be used when comparing 

student’s classroom test scores (in this analogy the test scores are considered to be the 
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achievement measure). If the researcher is evaluating a student’s test score on a timed exam, a 

zero value can be assigned to the items that were skipped, or on the items that the students had an 

incorrect response for. Here, the ‘zero value’ is feasible as it separates missing values (or 

incorrect responses) from the correct response, in order to determine the student’s academic 

success on exams. However, if an item is skipped or coded incorrectly, this could lead to a 

possible disadvantage, as there would be false zero imputations that replaced the missing values. 

Survey items with different values (e.g., 1 = 2 points; 2 = 4 points) would make zero imputations 

an ineffective missing data method as lower numbers do not signify incorrect responses or 

missing data but rather lower scores.  

Maximum Likelihood (ML) estimated mean and median substitution 

For complex statistical estimations the maximum likelihood (ML) approach has been 

recommended, particularly when there is a similar pattern of missing values within a dataset (see 

Allison, 2002). Dissimilar to arithmetic means that are sensitive to outliers, ML evaluates 

parameter estimates from the available data to adjust for the population distribution (McKnight 

et al., 2007). In this context, the purpose of ML likelihood estimation is to find the parameter 

value with the highest ‘likelihood’ of producing values for the dataset. ML can be used to obtain 

estimates of the population mean or median and use these to replace the missing data value. In 

this way, using ML to obtain mean or median estimates and then replacing missing data with 

them is similar to the arithmetic mean approach described above, simply with a different 

approach for calculation.  ML can be used in another way to deal with missing data, as is 

described below. 

Similar to the arithmetic mean substitution, a disadvantage with ML mean estimation is it 

produces biased parameter estimates, particularly underestimated standard errors. In addition, if 
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there are frequent outliers this method will also be ineffective, as it cannot account for extreme 

scores. Likewise, the ML median imputation is similar to the arithmetic mean and median 

substitution, in that it cannot account for a dataset with high quantities of variability. 

 When evaluating the participants from the high school research study, a researcher may 

wish to determine the relationship of one sample to another similar sample. The researcher could 

compare two samples from different geographic location in the United States, in which missing 

values in both datasets would need to be replaced (this is assuming both samples are measuring 

the same variables). To replace the missing value, ML mean or median substitution can be used, 

as both methods will generate ‘estimates’ to replace the missing information. Once all the 

missing values are replaced by either ML mean or ML median substitution, the two sample 

datasets can then be compared to one another if both datasets are normally distributed after the 

imputed values are added. 

Hot and Cold Deck imputation 

Random value imputation requires replacing missing data with randomly generated 

values obtained from the observed values or derived from related datasets of participants with 

similar data. There are two main methods to compute random imputation, the first approach uses 

the available data to estimate replacements for the missing values, while the second approach 

uses a theoretical distribution (based on the assumption of a particular type of distribution) to 

create the imputed values.   

Hot- and cold- deck imputations are generally practiced with survey research (Roth, 

1994), replacing the missing values based on the related observed values from participants who 

are similar to the individuals with missing data. In particular, a random draw from participants 

with observed data is used to replace the missing data for another participant who is similar in 
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one or more salient ways. Prior to the random draw, participants with missing data are first 

matched based on similarly corresponding variables (e.g., age, gender) to one or more 

individuals who have values on the variable in question. Next a value of the variable in question 

is randomly selected from among all members in the matched set who have values on the 

variable, and the selected value replaces the missing value. Some statisticians have used 

weighted sequential hot- and cold-deck imputations, requiring sampling weights from the dataset 

to replace the missing values (see Lepkowski, Landis, & Stehouwer, 1987). Popular software to 

compute these imputations include LISREL (see Sinharay, Stern, & Russell, 2001) or STATA.  

These imputations can produce biased estimates to the correlations and regression 

coefficients, underestimating the standard errors. They also yield weak variability between the 

values that replace the missing data, because they are generated from values that exist from the 

distribution of scores in the dataset (McKnight et al., 2007). Some statisticians have 

recommended bootstrapping or the jackknife approach to estimate error when there is bias 

(Young, 1996). 

As an illustration, a researcher may want to evaluate SAT scores and compare them to the 

student’s classroom grades. The researcher may hypothesize that classroom grades are a stronger 

indicator SAT performance among high school students. Since both grades and SAT scores are 

variables that assess academic performance, they can be grouped together. The hot- and cold-

deck imputation methods will generate values parallel to the sample, but it will also compute a 

value for any missing information that are related to these measures.  

Last and next average imputation 

The last and next average imputation is frequently assessed with longitudinal datasets, as 

it can aggregate the individuals’ data by computing estimates for the missing information 
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(Engels & Diehr, 2003). Precisely, the analyst replaces the missing value by using the average of 

values immediately prior to and after the missing value in a longitudinal set. Statistically, the 

individuals’ average is given based on the data points before and after the missing value. If a 

student completed test 1 and test 3 in the class, but missed test 2, this method will calculate the 

average of tests 1 and 3 and replace the missing value in test 2 with this mean.  This is beneficial 

if the dataset is large; wherein, a few extreme scores will not affect the averages with this 

imputation method.  

The computer programming for this imputation can be time consuming, as the researcher 

must identify the various missing data pattern(s). If there are many extreme scores, then the 

averages for this imputation calculation will not represent close values to the missing data. 

Fortunately, this process can now be found in common software, such as SAS to account for the 

missing values by computing estimated values.   

 To demonstrate this method, the high school dataset can be used if multiple measures of a 

student’s grade are assessed (e.g., classroom grades at the beginning and middle of the school 

year). Specifically, if a majority of students do not take several exams during the middle of the 

school year, the school district may then be interested in determining each student’s grade. The 

last and next average imputation approach will impute missing values using the grades from the 

beginning of the school year. Here, the assumption (for the most part) is that the students grades 

would not have changed drastically, in which averaging the observed values may be related to 

the missing values.  

Last observation carried forward (LOCF) imputation 

The last observation carried forward (LOCF) imputation method (also referred as last 

value carried forward [LVCF]) is regularly implemented with missing data for longitudinal 
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designs, similar to the last and next average imputation method. When encountering missing 

values in longitudinal designs, statisticians may use past information about a participant to infer 

what the missing value could be. The past data is only limited to the ‘last’ or most recent 

observed value. Specifically, LOCF imputes repeated measures with missing variables, based on 

the observed values listed before the missing (dropout) value (Enders, 2010). For instance, a 

researcher may be monitoring the academic progress of students every two years in the total span 

of ten years. If a student is missing data for year eight, the observed values (past data) can be 

assessed to impute the unobserved value.  

LOCF is generally implemented in medical studies and clinical trials. Likewise, the next 

observation backward imputation, assesses when the baseline data is missing; however, the 

experiment is still continued (as the missing data is ‘backed up’ while new treatment data is 

added). Although uncommon in the behavioral and social science field, this method is favorable 

when the researcher has collected assessment data over the course of several weeks. This process 

reduces the number of subjects that are eliminated from the analysis. Additionally, it can further 

examine trends over time as opposed to only assessing the results at the end of a study.  

LOCF imputations must be evaluated with caution when used in medical studies, because 

the missing data generated could imply positive effects of a drug; when in fact, the drug did not 

demonstrate significant positive results of the patients’ treatment. The findings could also 

underestimate the variability of the dataset, in particular with a smaller sample size.  

Comparable to last and next average imputation, LOCF is applied when there are several 

longitudinal data points for each individual in the sample (e.g., students’ academic grades every 

9 weeks). The researcher can use this ‘carried forward’ method to retrieve the missing 

information that occurred after the first few data points are collected. Rather than calculate the 
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average of the available values (a procedure conducted under the last and next average 

imputation), LOCF generates missing values based on more than one data point. This can be 

valuable if the researcher has several data points that are needed to determine academic growth 

throughout a school year (e.g., evaluating intervention data that is collected every four weeks in 

the school). 

Regression imputation 

Regression imputation (also known as conditional means) calculates predicted scores of 

unobserved values based on the regression equation (Enders, 2010). Specifically, information 

from the observed values is used in a regression model to calculate values for the missing data. 

These assumed values are then used to replace the missing values.  The researcher would then 

select variables in the dataset that are believed to be associated with the missing data mechanism, 

and presume the outcomes on the variable of interest.  The hypothesized values for those with 

missing values on this variable would then be used in place of the unobserved data in subsequent 

data analyses.  This method is similar to mean imputation, with the advantage that more 

information is selected to decide the appropriate imputed value. Additional regression imputation 

methods encompass regression with error imputation, stochastic regression imputation, and 

similar response pattern imputation.  

Some statisticians have applied a correlation analysis before running the regression 

imputation in order to select variables that are highly related to the variable of interest, as these 

variables would be the predictor variable for the regression model. Similar to mean imputations, 

this method provides a value for the missing data based on information from other variables 

within the dataset, and it is also sensitive to outliers. Imputed values must be empirically based, 

as regression imputation can yield biased standard errors, regardless of the type of missing data.  
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 As an example, a researcher may select this missing data method when evaluating the 

effectiveness of SAT scores among high school students. Here, the researcher may apply several 

data points which measure the students’ classroom grades throughout the school year. This 

information can be used to hypothesize the correlations between SAT scores and classroom 

grades. Comparable to other single imputation methods, regression imputations would replace 

the missing values with the values already obtained from the same variable.  

Modern Approaches 

Traditional approaches are considered less harmful when there is a small number of 

missing data (usually accounting for less than 5% of the sample); however, it decreases the 

sample size which can reduce statistical power. If the missing value is not MCAR, the results can 

lead to biased parameter estimates (Enders, 2010). As proposed by Graham, traditional 

approaches are not effective methods at assessing missing data, and “None of them were really 

designed to handle missing data at all” (Graham, 2012, p. 48). Some researchers have conducted 

small scale Monte Carlo simulations to approximate the influence of power (Silvia et al., 2014), 

as power is reduced with increased standard errors.  

Given the problems associated with more traditional methods for dealing with missing 

data, a number of technically more complex but potentially more accurate methods have been 

developed over the last 30 years.  These modern missing data methods require somewhat less 

stringent assumptions about the cause of missing data than do the traditional approaches outlined 

above. Unlike the deletion methods, these modern methods do not discard data, nor do they rely 

solely on the average of the observed values from other individuals in a dataset (e.g., mean 

imputations), but rather use potentially more accurate imputations to determine the missing data. 

These imputations replace the missing values with actual values that are based on more 
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appropriate models of the missing data mechanism, leading to more accurate imputations in 

comparison to traditional methods (e.g., Pigott, 2001).  Finally, modern methods do not produce 

biased estimates for both MCAR and MAR data (see Schafer & Graham, 2002). 

Modern methods for data imputation involve data augmentation and data imputation. 

Data augmentation refers to model-based procedures that are theory driven, regarding the 

underlying missing data mechanism, and where the observed values are assessed to compute the 

parameter estimates. The data imputation component of this approach uses the observed values 

to replace the missing values. These more modern methods for dealing with missing data contain 

ML (not to be confused with ML mean substitution), expectation maximization (EM), and 

Bayesian estimations with Markov chain Monte Carlo (MCMC). Modern data imputation also 

comprises of MI, which is frequently considered the optimal approach for dealing with missing 

data (Schafer & Graham, 2002).   

Maximum-likelihood (ML) 

 Maximum-likelihood (also known referred as direct ML, raw ML, or full information 

ML) uses the likelihood function to estimate the missing values for each individual value based 

on the observed values. The goal of ML is to define the population parameter value with the 

highest probability given the observed data, centered on the observed sample. ML uses an 

estimation procedure (iterative process) until it solves for the optimal estimate of the missing 

value, which is determined to be the best measure based on the log likelihood value (Enders, 

2010). ML relies on an assumption that the data are normally distributed. Maximum-likelihood 

can handle both MCAR and MAR missing values effectively (Enders, 2010). It is also easy to 

use when the pattern of missing data is similar (Allison, 2002), such as having only female 

students skip a particular item on a survey. This allows the statistician to need the estimated 
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parameter values only for that one survey item. The sample size has to be large when using ML, 

in order to prevent biases in the dataset.  

 As an illustration, using the high school example, a researcher may wish to determine if 

there are any correlations among motivation and gender. The researcher will first have to assume 

the data is normally distributed before conducting this analysis. If the data has no significant 

outliers, the missing values can be accounted for using maximum-likelihood. ML will produce 

values that are missing for both the motivation scale and gender (this is assuming there is no 

pattern in values that are missing). Once the missing values are replaced, the results can be 

assessed to make comparisons among males and females in high school.  

Multiple Imputations 

Compared to other methods of handling missing data, this approach has been empirically 

shown to be the most accurate at replacing missing data in many contexts (e.g., Graham, 2012; 

Schlomer, Bauman, & Card, 2010). Specifically, MI is based on a Bayesian estimation 

algorithm, which can be used to create several imputed values for each piece of missing data. 

Typically, the number of such imputations range between 5 and 10 (McKnight et al., 2007). It is 

suggested the imputation model contain variables predictive of the ‘missingness,’ as is the case 

with regression imputation (Molenberghs & Kenward, 2007), in which inferences about the 

missing values are based on theory driven information.  

MI can be utilized when there is both MCAR and MAR missing data (Allison, 2009). It 

provides repeated random estimates for omitted information based on inferences on the 

variability of what the unobserved values are (unlike traditional approaches). In addition, MI is 

available through several statistical software including SAS, R, and SPSS. Similar to maximum-
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likelihood, MI require a large sample size that may not be available for a particular research 

study. 

It should be noted there are various requirements in statistics when determining if a 

sample size is large or small. ‘Power’ is assessed when conducting an experiment to decide 

whether the analysis will correctly yield significant results (in order to reject the null hypothesis).  

The larger the sample size, the more accurately it will depict the population of interest. With this 

in mind, the type of analysis chosen will also be sensitive to the size of the sample. For example, 

a t-test can be evaluated with a relatively smaller sample (e.g., 100 participants); while 

conducting a univariate analysis would require a larger sample to avoid any Type II errors. In 

regards to MI, the amount of missing information will affect the estimated imputed values, as the 

value of the standard error is dependent upon the sample size. It is essential the sample size is 

large, as it will increase the dependability of the parameter estimates generated using MI.  

MI carries multiple steps in order to obtain imputations for missing data. These steps can 

be become complicated as they may require special algorithms (Schafer and Graham, 2002), 

based on the distribution of the data. MI computes different values every time it is used (Allison, 

2009), a major disadvantage.  According to Rubin (1996), the results obtained from other missing 

data methods, including combining more than one missing data approach were not worth it 

considering when compared to MI (as cited in McKnight et al., 2007). 

MI can be a bit complicated as it requires three steps: the imputation phase, the analysis 

phase, and the pooling phase. The imputation phase creates several datasets with different 

estimates of each missing value. The analysis phase evaluates the data of each imputed dataset 

with the statistical method(s) of choice (e.g., regression, analysis of variance). And finally, the 
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pooling phase combines all the parameter estimates and standard errors into one single data set 

(Enders, 2010). Below is a description of the steps required to conduct MI. 

 

Step 1: The imputation phase. First, the missing values must be replaced with actual values. 

These values are ‘imputed’ not once, but rather several times. It is recommended to generate 

about 5 to 10 imputed values (referred as ‘m’), unless the missing values are high (greater than 

50%) in the dataset (Schafer, 1999a). Here, the statistician will need to know the type of missing 

data, in order to select the best algorithm to compute these imputations. In this illustration, the 

dataset may be coded categorically or it could be a longitudinal dataset. Fortunately, (unlike 

other methods) the more scores are imputed, the less likely the values will produce biases in the 

analysis. However, it is not recommended to conduct single imputations with large quantities of 

missing data (greater than 5% of the dataset), as it could overestimate the variability of the 

dataset (Schafer, 1999a).  

               Datasets 

 

 

Missing Value       

 

 

 

 

Step 2: The analysis phase. In the next phase, the statistician uses each of the m datasets 

generated from step 1 in the statistical analysis that is appropriate for answering the research 

m =1	

m =2	

m =3	

m =4	

m =5	
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questions of interest. The result will be m different statistical results (e.g., regression equations) 

that will need to be combined in some fashion. 

 

Calculation: 

m = Imputed values of the missing data   j = Complete dataset 

 = Individual parameter estimate     

 = Estimate of quantity of interest (e.g., regression coefficient) 

= Overall estimate or mean of   

= Overall standard error for within imputation variance  

 = Standard error associated with  

 = Standard error for between imputation variance 

 = Total variance        

df = The degree of freedom is adjusted based on the number of imputations, and the within- and 

between- imputation variance. 

 

Overall estimate of the averages of each individual estimate: 	

 

Overall standard error for within imputation variance:  
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Overall standard error for between imputation variance:  

Total Variance:  

Overall Standard Error:   

 

Step 3: The pooling phase. Finally, in the last stage the statistician combines the results of the m 

analyses. Essentially, this step consists of computing the mean of the parameter of interest over 

the m analyses completed in step 2 (e.g., compute the mean of the m regression slope estimates). 

Noteworthy, MI can be used with any kind of data, and does not require special statistical 

software to solve for the imputed values.  

Calculation: 

r = Weighted F-ratio 

where  

 

Multiple imputations by chained equations (MICE) also referred to as sequential 

regression multiple imputation, joint model, or fully conditional specification, is becoming a 

common imputation method to handle missing variables, as it can calculate categorical missing 

values. MICE is often used when the missing values are MAR. It can produce several regression 

models, where the missing value follows the distribution of the dataset. More importantly, MICE 

comprises of ‘bounds’ and ‘restrictions’ to provide a range of values (Azur, Stuart, Frangakis, & 
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Leaf, 2011), as opposed to allowing the model to run every variable. Van Buuren and colleague 

(2011) provide specific details on how to run MICE using the R software package. This method 

is considered beneficial when working with large datasets or having hierarchical items in the 

dataset. For instance, the researcher may be interested in looking at motivation among females. 

In this comparison, any missing values for motivation among boys are not needed, as is it not 

related to the researchers study.  

Rationale for the study 

 Past research have evaluated common missing data techniques (e.g., Roth, 1994; Enders, 

2011; Acock, 2005), and as the research field increases awareness in handling missing data (e.g., 

McKnight et al., 2007; Enders, 2013), a review of the current literature and its implications is 

provided. The purpose of this study is to evaluate popular missing data procedures for both 

traditional and modern approaches to establish the strengths and weaknesses. Further discussion 

of the underlying impact of missing data assumptions will be addressed, in hopes of reducing 

possible biases within a dataset when assessing missing values in relation to the observed values. 

More importantly, this study is targeted to educational researchers providing specific data 

analysis of common missing data statistics to offer a coherent, brief, and plausible approach in 

explaining the potential downfalls when missing information is ignored without any ad hoc 

procedures assessed.   
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CHAPTER 3 

Method 

Participants  

This study utilized an archival dataset publicly available from the National Center of 

Education Statistics (NCES). The Educational Longitudinal Survey (ELS: 2002) collected survey 

items from high school students, parents, and teachers. Survey questions included demographic 

information, comprising of family income, students’ level of motivation, and data on whether or 

not students attended college up to twelve months after graduating from high school.  

More specifically, data from ELS: 2002 consisted of information on high school students 

in their sophomore year, including follow-up data on the students two years later when in their 

senior year of high school. Additional survey items were then given to participants two years 

after high school, and the survey data became publicly available in January 2014. Postsecondary 

transcripts from a cohort sample that was collected in 2013 became available as part of the 

restricted data file; however, that is not the focus of this study.  

Measures 

 Several high school variables were selected to determine salient predictor variables in 

choosing to attend college. The following independent variables were categorized using the 

nominal scale: gender, ethnicity, family income, and school control, while some of the variables 

were coded as ‘scale’ in SPSS: family composition, school-sponsored activities, teachers interest 

in students, parents know the students friends, students satisfied by doing what is expected in 

class, and parents level of academic involvement (see Appendix A for variable descriptions).   

The remaining variables were continuously scored (treated as a ‘scale’ in SPSS): 

students’ instrumental motivation and control expectancy scale (see Table 1b for descriptive 
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statistics). Control Expectancy (CE) items and Instrumental Motivation items were measured 

based on a 4-point scale (almost never; sometimes; often; almost always). The CE scale was 

defined using a modified version of the Motivated Strategies for Learning Questionnaire scale 

(Pintrich, Smith, Garcia, & McKeachie, 1993). The CE scale represented high school student’s 

success expectations for academic learning; for instance, “When I sit myself down to learn 

something really hard, I can learn it.” The IM scale was derived from the extrinsic motivation 

subset of the Intrinsic Learning Motivation Scale (Schiefele & Moschner, 1997). The IM scale 

depicted high school student’s extrinsic motivation based on their motivation to perform well 

academically in order to satisfy external goals. For example, “I study to increase my job 

opportunities.”  

Information on the dependent variable, postsecondary attendance, was obtained using 

follow-up data from high school students who participated in the follow-up study two years after 

completing their senior year of high school. For the purposes of this paper, postsecondary 

attendance was recoded into dichotomous categories as ‘yes’ (attended college within 12 months 

of completing high school) or ‘no’ (did not attend college within 12 months after completing 

high school). 

Description of procedures  

 Data was gathered from the publicly available Educational Longitudinal Survey (ELS: 

2002) dataset, funded by the National Center for Education Statistics (NCES). Identifiable 

information of the participants was not provided with the public data file. To further ensure the 

anonymity of participants, NCES removed direct identifiers and modified the dataset to protect 

the identification of individual cases. The dataset was downloaded using the IBM Statistical 

Package for the Social Science (SPSS) software, version 22. 
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 The dataset was examined in small subsamples by splitting the data file into four datasets 

through SPSS. For each student, the ELS:2002 data file contained de-identified participant ID 

numbers. The ID variable was added to the ‘split file’ function in SPSS, in order to separate the 

data file by ‘groups’, to generate four separate random subsamples (25% of the entire dataset per 

group). Each subsample was renamed to accurately test each dataset separately from one another 

(e.g., dataset 1, dataset 2, etc.).  

 The R statistical software, version 3.1.0 (2014-04-10) was also employed, as in 2001 the 

program could calculate multiple imputations using the multivariate imputation by chained 

equations (MICE). It provides fully conditioned specification (FCS) for the imputation models, 

which are semi-parametric and flexible to the multivariate models (see Buuren, 2007). While 

MICE offer a clear-cut pooling selection when running multiple imputations, the variables for 

regression models cannot be weighed.   

Data Analysis 

When determining the statistical analysis, regression models were chosen, as they 

provided estimates based on explanatory variables to determine salient variables that predict the 

dependent variable. More specifically, a binary logit regression model was selected, as the 

independent variables can be discrete, continuous, or have a combination. Correspondingly, 

logistic regression predicts the probability of group membership, versus predicting actual scores 

like with multiple regression. With logistic regression, it is assumed that each response comes 

from a different, unrelated case. It is important to also mention the use of a regression analysis 

on the archival dataset; in that a regression analysis can lead to the deletion of cases with missing 

data; hence, various missing data approaches were evaluated on the same dataset. 
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The presence of multicollinearity was examined by using the tolerance and the variance 

inflation factor (VIF; Myers, 1990, as cited in Field, 2009), with results revealing a tolerance 

value less than 0.1 for all of the predictor variables. The analysis from this study illustrated 

having a VIF value less than 10, indicating that multicollinearity was not present. In addition, 

standard errors were reported to exemplify its effect to each dataset, as larger sample sizes are 

supposed to demonstrate smaller standard errors, since the statistics conducted is closer to the 

actual value.  A detailed narrative of the logistic regression results for each method for dataset 1 

are described in chapter 4 (see Tables 2a to 2e for regression parameter estimates).  Information 

on the coefficient of determination, R2, are listed in Table 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
	

40	

CHAPTER 4 

Results 

Restatement of the purpose of the study 

 This study assessed various methods that account for managing missing data when 

analyzed with a longitudinal dataset.  Moreover, the paper investigated the performance of 

traditional and modern missing data methods, as a means to providing researchers with a greater 

understanding of the statistical tools available to them when faced with missing data. To 

explicate the methods and magnify the generalizability of the results, the overall sample was 

randomly split into four equally sized subsamples, prior to running any analyses. To begin, the 

descriptive statistics are described, after which focus will be on the results of a logistic regression 

model using several different missing data approaches. Included in this chapter are the tables for 

the binary logistic regressions for listwise deletion, arithmetic mean imputation, regression 

imputation, maximum likelihood, and multiple imputation missing data methods. At the end of 

this chapter, comparisons are made among the regression models for all four datasets, when large 

standard errors are present. 

Results for subsample 1 

Descriptive statistics. The first subsample (dataset 1) consisted of 4,049 randomly 

assigned participants (see Table 1a and 1b for additional variable descriptions). There was a 

relatively equal sample population for both males (46.7%) and females (48.4%), with less than 

5% missing data for gender. Participants ethnicity varied from: American Indian/Alaska Native 

(0.7%), Asian/Hawaiian/Pacific Islander (9.6%), African American (12.3%), Hispanic (no race 

specified) (6.4%), Hispanic (race specified) (7.2%), Multiracial (4.4%), and Caucasian (53.7%), 

with 5.7% missing data. High school student’s family composition contained slightly over 5% of 
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missing data, and the majority of students lived with both their mother and father (56.9%). 

Family composition also consisted of students who lived with their mother and a male guardian 

(10.5%), students who lived with their father and a female guardian (3%), students that had a 

household with two guardians (2%), students who lived with their mother only (17.6%), or 

students who resided with their father only (2.4%). A few number of students lived in a 

household with a female guardian only (1.2%), resided with a male guardian only (0.3%), or had 

an adult who lived less than half time with the student (1%).  

There was no missing data for family income, with the most common income category 

being $50,001 to $75,000 (21%), followed by $35,001 to $50,000 (18.5%), and then a salary of 

$75,001 to $100,000 (13.5%). The school control variable also carried no missing values. The 

percentage of missing data for the remaining independent variables in the logistic regression 

were as follows: school-sponsored activities (7.5%), teachers interest in students (11.6%), the 

parents knowing their child’s high school friends (17.6%), and students satisfied by doing what 

is expected in class (10.1%). Parents’ level of academic involvement had the largest percent of 

missing values (52.3%). Lastly, the dependent variable, whether or not an individual attended 

college after completing high school, displayed 16.5% missing values. This subsample had a 

total of about 59.9% of students who reported having attended college, 6-months after graduating 

from high school.  

Listwise deletion. The results for the logistic regression model appear in Tables 2a 

through 2e, for each of the missing data methods.  The listwise deletion model was first assessed, 

as it is considered to be the default missing data method in many statistical programs. The focus 

of this paper is to discuss significant changes to the regression coefficients, including having 

large standard errors. However, to conceptually interpret the findings, here is an example from 
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dataset 1. For the variable gender, females were the reference category. Therefore, results for 

gender were interpreted based on the impact of being female. There was a significant negative 

regression coefficient for females, suggesting they were less likely than high school males to 

attend college.  

 Ethnicity was significantly related to college attendance (Table 2a), where Caucasian 

students served as the reference group against which the other ethnicities were compared. 

Significant positive slopes with small standard errors were reported for Asian/Hawaiian/Pacific 

Islander high school students. On the other hand, there were negative regression coefficients, 

also displaying low standard errors for the following ethnicity groups: American Indian/Alaska 

Native, African American, Hispanic – no race specified, Hispanic – race specified, and 

Multiracial high school students.  

Family income was not a statistically significant predictor of college enrollment (Table 

2b) when the household income was less than $1,001; however, due to the small sample size for 

these categories (less than 1%), extreme large standard errors were generated (greater than 900). 

A household income ranging from $1,001 to $20,000, or $35,001 to $75,000 displayed negative 

slopes with small standard errors. Similarly, the standard errors were low for a household income 

greater than $75,000; however, the results yielded positive slopes. A family income ranging from 

$20,001 to $25,000 was not a statistically significant predictor of college enrollment.
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Table 2a 

Logistic Regression Coefficients (Standard Errors) by Gender and Ethnicity 

Method Constant Female 
American 

Indian/ 
Alaska 
Native 

Asian/ 
Hawaiian/ 

Pacific 
Islander 

African 
American 

Hispanic 
(no race 

specified) 

Hispanic 
(race 

specified) 
Multiracial 

Data Set 1 
Listwise 
Deletion 1.87(0.07)* -0.37(0.02)* -2.37(0.08)* 2.35(0.10)* -0.32(0.02)* -0.50(0.03)* -1(0.03)* -0.56(0.03)* 

Arithmetic Mean 3.28(0.03)* -0.27(0.01)* -1.10(0.02)* 1.32(0.02)* -0.19(0.01)* -0.07(0.01)* -0.62(0.01)* -0.33(0.01)* 

Regression 
Imputation 3.36(0.03)* -0.5(0.01)* -1.25(0.03)* 1.5(0.02)* -0.17(0.01)* -0.34(0.01)* -0.98(0.01)* -0.27(0.01)* 

Maximum 
Likelihood 3.65(0.04)* -0.52(0.01)* -1.37(0.03)* 1.44(0.02)* -0.19(0.01)* -0.24(0.01)* -0.87(0.01)* -0.26(0.01)* 

Multiple 
Imputation 3.45(0.37)* -0.53(0.06)* -1.47(0.19)* 1.54(0.08)* -0.17(0.12) -0.17(0.08) -0.86(0.05)* -0.29(0.1)* 

MICE (No 
weights) 2.12(1.19) -0.52(0.1)* -2.15(0.1)* -0.82(0.7) -0.76(0.61) -0.25(0.69) -0.74(0.73) -1(0.7) 

Data Set 2 
Listwise 
Deletion 1.87(0.07)* -0.27(0.02)* 0.43(0.07)* 0.98(0.05)* 0.34(0.03)* 0 (0.03) -0.94(0.03)* -1(0.04)* 

Arithmetic Mean 3.5(0.03)* -0.26(0.01)* -0.03(0.02) 0.68(0.02)* -0.12(0.01)* -0.08(0.01)* -0.02(0.01)* 0.14(0.01)* 

Regression 
Imputation 3.38(0.03)* -0.47(0.01)* -0.17(0.03)* 0.71(0.02)* -0.24(0.01)* -0.15(0.01)* -0.11(0.01)* -0.26(0.02)* 

Maximum 
Likelihood 3.7(0.03)* -0.48(0.01)* -0.32(0.03)* 0.69(0.02)* -0.2(0.01)* -0.17(0.01)* -0.2(0.01)* -0.21(0.01)* 

Multiple 
Imputation 3.84(0.43)* -0.5(0.04)* 0.04(0.26) 0.58(0.14)* -0.06(0.09) -0.07(0.07) -0.16(0.12) -0.15(0.11) 
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MICE (No 
weights) -097(0.81) -0.41(0.09)* -1.01(0.48)* -0.12(0.51) 0.1(0.48) -0.31(0.51) -0.08(0.46) -0.17(0.46) 

Data Set 3 
Listwise 
Deletion 22.67(>500) -0.59(0.02)* -1.15(0.09)* 0.21(0.04)* -0.44(0.02)* -0.72(0.03)* -0.82(0.03)* -1.24(0.03)* 

Arithmetic Mean 4.44(0.04)* -0.16(0.01)* -1.18(0.03)* 0.77(0.02)* 0.22(0.01)* 0.01(0.01) -0.21(0.01)* -0.3(0.01)* 
Regression 
Imputation 4.56(0.04)* -0.35(0.01)* -1.46(0.03)* 0.78(0.02)* 0.21(0.01)* -0.19(0.01)* -0.46(0.01)* -0.44(0.01)* 

Maximum 
Likelihood 4.66(0.04)* -0.35(0.01)* -1.42(0.03)* 0.82(0.02)* 0.11(0.01)* -0.26(0.01)* -0.42(0.01)* -0.4(0.01)* 

Multiple 
Imputation 5.26(0.5)* -0.37(0.05)* -1.29(0.21)* 0.71(0.15)* 0.12(0.07) -0.08(0.15) -0.3(0.1)* -0.25(0.1) 

MICE (No 
weights) -1.28(1.18) -0.45(0.1)* -2.56(0.56)* -1.71(0.55)* -1.27(0.6)* -1.1(0.56) -1.21(0.58) -1.57(0.55)* 

Data Set 4 
Listwise 
Deletion 21.68(>500) -0.2(0.02)* -1.6(0.09)* 0.71(0.05)* -0.75(0.03)* -0.68(0.03)* -0.81(0.03)* -1.19(0.03)* 

Arithmetic Mean 4.78(0.05)* -0.19(0.01)* 0.35(0.03)* 1.05(0.02)* 0(0.01) 0(0.01) -0.24(0.01)* -0.56(0.01)* 

Regression 
Imputation 21.88(>500) -0.2(0.02)* -1.6(0.09)* 0.71(0.05)* -0.75(0.03)* -0.68(0.03)* -0.81(0.03)* -1.19(0.03)* 

Maximum 
Likelihood 4.9(0.05)* -0.42(0.01)* 0.17(0.03)* 1.14(0.02)* -0.09(0.01)* -0.22(0.01)* -0.42(0.01)* -0.61(0.01)* 

Multiple 
Imputation 4.59(0.43)* -0.41(0.06)* 0.29(0.19) 1.01(0.14)*  0.05(0.11) -0.04(0.08) -0.26(0.12) -0.52(0.12)* 

MICE (No 
weights) -1.49(0.89) -0.36(0.1)* -0.72(0.47) 0.49(0.45) 0.53(0.46) 0.81(0.49) 0.92(0.5) 0.52(0.46) 

Note. *Statistically significant at a=0.05. 
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Table 2b  

Logistic Regressions Coefficients (Standard Errors) by Family Income 

Method No family 
income 

$1,000 or 
less 

$1,001-
$5,000 

$5,001-
$10,000 

$10,001-
$15,000 

$15,001-
$20,000 

$20,001-
$25,000 

$25,001-
$35,000 

Data Set 1 

Listwise Deletion 16.33(>900) -21.04(>900) -1.03(0.07)* -1.38(0.06)* -1.2(0.06)* -1.46(0.05)* 0.12(0.06) -0.52(0.05)* 

Arithmetic Mean -1.82(0.04)* -1.72(0.03)* -1.58(0.03)* -1.43(0.03)* -1.12(0.02)* -1.37(0.02)* -1.27(0.02)* -0.93(0.02)* 

Regression 
Imputation -2.71(0.06)* -2.5(0.04)* -2.02(0.03)* -1.87(0.03)* -1.27(0.03)* -1.92(0.03)* -1.43(0.03)* -1.18(0.02)* 

Maximum 
Likelihood -2.71(0.06)* -2.38(0.04)* -1.97(0.03)* -1.59(0.03)* -1.25(0.03)* -1.77(0.03)* -1.39(0.03)* -1.1(0.02) 

Multiple 
Imputation -2.87(0.48)* -1.97(0.44)* -1.7(0.27)* -1.34(0.23)* -1.18(0.26)* -1.72(0.19)* -1.24(0.14)* -0.93(0.24)* 

MICE (No 
weights) -0.53(0.91) -1.31(0.83) -1.45(0.75) -1.52(0.81) -1.29(0.7) -1.8(0.78)* -1.87(0.76)* -2.04(0.75) 

Data Set 2 

Listwise Deletion 0.2(0.09)* -1.59(0.09)* -1.29(0.08)* -3.43(0.08)* -1.2(0.07)* -0.7(0.07)* -0.36(0.06)* -0.64(0.06)* 

Arithmetic Mean -1.8(0.04)* -1(0.03)* -1.05(0.03)* -1.17(0.03)* -1.06(0.03)* -0.78(0.03)* -0.81(0.02)* -1.12(0.02)* 

Regression 
Imputation -1.5(0.04)* -1.3(0.03)* -1.65(0.03)* -1.64(0.03)* -1.31(0.03)* -1.17(0.03)* -0.93(0.03)* -1.27(0.02)* 

Maximum 
Likelihood -1.73(0.04)* -1.33(0.03)* -1.51(0.03)* -1.66(0.03)* -1.34(0.03)* -1.2(0.03)* -1.04(0.03)* -1.38(0.02)* 

Multiple 
Imputation -1.26(0.37)* -1.12(0.29)* -1.36(0.34)* -1.42(0.23)* -1(0.15)* -0.99(0.06)* -0.81(0.18)* -1.15(0.16)* 
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MICE (No 
weights) -0.32(0.59) -0.29(0.53) -0.3(0.51) -0.52(0.51) -0.38(0.48) -0.53(0.45) -0.36(0.44) -0.67(0.45) 

Data Set 3 

Listwise Deletion 1.43(>100) -18.87(>500) -18.61(>500) -18.96(>500) -19.51(>500) -17.92(>500) -19.03(>500) -19.74(>500) 

Arithmetic Mean 18.55(>700) -2.26(0.04)* -2.31(0.03)* -1.82(0.03)* -1.89(0.03)* -2(0.03)* -1.74(0.03)* -1.68(0.03)* 

Regression 
Imputation 18.55(>850) -2.67(0.04)* -2.52(0.04)* -1.84(0.04)* -2.25(0.04)* -2.19(0.03)* -2.01(0.03)* -1.96(0.03)* 

Maximum 
Likelihood 18.71(>850) -2.65(0.04)* -2.49(0.04)* -1.8(0.04)* -2.18(0.03)* -2.1(0.03)* -2.01(0.03)* -1.92(0.03)* 

Multiple 
Imputation 18.36(>700) -2.84(0.27)* -3.01(0.36)* -2.28(0.36)* -2.36(0.35)* -2.32(0.45)* -2.18(0.44)* -2.2(0.39)* 

MICE (No 
weights) 2.08(1.31) 2.26(1.23) 1.35(1.26) 1.6(1.15) 1.83(1.13) 1.61(1.15) 1.5(1.17) 1.29(1.16) 

Data Set 4 

Listwise Deletion 1.37(>500) -41.94(>500) -20.04(>500) -19.03(>500) -19.28(>500) -18.45(>500) -18.81(>500) -19.13(>500) 

Arithmetic Mean -1.9(0.06)* -2.45(0.05)* -2.84(0.05)* -2.53(0.05)* -2.35(0.04)* -2.81(0.04)* -2.5(0.04)* -2.32(0.04)* 

Regression 
Imputation 1.37(>500) -41.94(>500) -20.04(>500) -19.03(>500) -19.28(>500) -18.45(>500) -18.81(>500) -19.13(>500) 

Maximum 
Likelihood -2.48(0.07)* -3.14(0.05)* -3.39(0.05)* -2.75(0.05)* -2.57(0.04)* -3.04(0.04)* -2.74(0.04)* -2.52(0.04)* 

Multiple 
Imputation 1.9(>450) -3.17(0.33)* -2.85(0.25)* -2.36(0.6)* -2.33(0.58)* -2.66(0.42)* -2.47(0.42)* -2.18(0.34)* 

MICE (No 
weights) 0.47(1.06) 0.37(0.92) -0.16(1.03) -0.23(0.83) 0.19(0.8) -0.25(0.86) -0.39(0.85) -0.49(0.85) 

Note. *Statistically significant at a=0.05.
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Table 2b 

Logistic Regressions Coefficients (Standard Errors) by Family Income (continued) 

Method $35,001-
$50,000 

$50,001-
$75,000 

$75,001-
$100,000 

$100,001-
$200,000 

Data Set 1 

Listwise Deletion -0.48(0.05)* -0.53(0.05)* 0.88(0.05)* 0.18(0.05)* 

Arithmetic Mean -0.87(0.02)* -0.51(0.02)* 0.04(0.02) 0.09(0.02)* 

Regression 
Imputation -1.03(0.02)* -0.57(0.02)* -0.02(0.02) 0.1(0.03)* 

Maximum 
Likelihood -1(0.02)* -0.61(0.02)* -0.03(0.02) 0.06(0.03)* 

Multiple 
Imputation -0.86(0.22)* -0.56(0.26) 0.06(2.12) 0.11(0.28) 

MICE (No 
weights) -2.32(0.73)* -2.78(0.78)* -2.72(0.72)* -2.82(0.79)* 

Data Set 2 

Listwise Deletion -0.73(0.05)* -0.06(0.05) 0.43(0.05)* 0.47(0.06)* 

Arithmetic Mean -0.78(0.02)* -0.62(0.02)* -0.09(0.02)* 0.13(0.02)* 

Regression 
Imputation -0.89(0.02)* -0.56(0.02)* -0.12(0.02)* 0.21(0.03)* 

Maximum 
Likelihood -1.02(0.02)* -0.7(0.02)* -0.21(0.02)* 0(0.03) 

Multiple 
Imputation -0.77(0.12)* -0.55(0.11)* -0.13(0.16) 0.19(0.19) 

MICE (No 
weights) -0.87(0.44) -1.22(0.44)* -1.52(0.45)* -1.1(0.5)* 

Data Set 3 

Listwise Deletion -19.01(>500) -19.02(>500) -18.47(>500) -18.26(>500) 

Arithmetic Mean -1.57(0.03)* -1.15(0.03)* -0.82(0.03)* -0.38(0.03)* 

Regression 
Imputation -1.76(0.03)* -1.28(0.03)* -0.96(0.03)* -0.52(0.03)* 
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Maximum 
Likelihood -1.75(0.03)* -1.24(0.03)* -0.92(0.03)* -0.5(0.03)* 

Multiple 
Imputation -2.05(0.37)* -1.62(0.41)* -1.36(0.48)* -0.91(0.42) 

MICE (No 
weights) 1.02(1.15) 0.72(1.16) 0.23(1.17) -0.49(1.29) 

Data Set 4 

Listwise Deletion -19.23(>500) -19.48(>500) -18.43(>500) -17.57(>500) 

Arithmetic Mean -2.3(0.04)* -2.1(0.04)* -1.7(0.04* -1.1(0.04)* 

Regression 
Imputation -19.23(>500) -19.48(>500) -18.43(>500) 17.57(>500) 

Maximum 
Likelihood -2.43(0.04)* -2.11(0.04)* -1.76(0.04)* -1.14(0.04)* 

Multiple 
Imputation -2.17(0.37)* -1.84(0.39)* -1.48(0.43)* -0.92(0.36) 

MICE (No 
weights) -0.71(0.84) -1.13(0.85) -1.78(0.85) -1.67(0.97) 

Note. *Statistically significant at a=0.05. 

 

 Family composition was statistically negatively associated to the dependent variable 

(Table 2c), without any large standard errors. With this variable, a traditional family home (being 

raised with a mother and father), was coded as a 1, as opposed to living with one parent (coded 

as a 5 or 6), in which lower values were linked to a higher probability of college enrollment 

among high school students. The motivation scales were also statistically significant and did not 

display any high standard errors, with control expectancy illustrating positive slopes, while 

instrumental motivation had negative slopes.  

 Small standard errors were also shown for the remaining independent variables with the 

listwise method. Students who participated in high school sponsored activities had a higher 

possibility of enrolling in college, as represented by a positive coefficient. With regard to the 

type of school that students attended, students from a public high school had a significant 
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negative impact when enrolling in college; however, students from a catholic high school had a 

positive impact. Comparably, teachers interest in high school students, and parents knowing the 

parents of their child’s friends were both positively significantly related to college attendance, 

such that higher values coincided with a greater chance of college attendance. High school 

students who were satisfied by doing what is expected in the classroom (Table 2d), also had a 

positive impact on going to college. Parent’s level of academic involvement was significantly 

negatively associated to the dependent variable. 	
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Table 2c	

Logistic Regression Coefficients (Standard Errors) by Family Composition, Control Expectancy, Instrumental Motivation, School 

Activities, School Type, Teacher Interest in Students, and Parents Know Friends	

Method Family 
Composition 

Control 
Expectancy 

Instrumental 
Motivation 

School-
Sponsored 
Activities 

Public 
School 

Catholic 
School 

Teachers 
Interest in 
Students 

Parents 
Know 

Friends 
Parents 

Data Set 1 

Listwise Deletion -0.09(0)* 0.52(0.01)* -0.08(0.01)* 0.24(0.01)* -0.5(0.04)* 0.97(0.05)* 0.14(0.01)* 0.4(0.01)* 

Arithmetic Mean 0(0)* 0.16(0.01)* 0.2(0)* 0.23(0)* -0.79(0.02)* 0.07(0.03)* 0.1(0)* 0.13(0.01)* 

Regression 
Imputation -0.08(0)* 0.02(0)* 0.23(0)* 0.21(0)* -0.8(0.02)* 0.33(0.03)* 0.07(0)* 0.2(0.01)* 

Maximum 
Likelihood -0.01(0)* 0.24(0)* 0.23(0)* 0.2(0)* -0.86(0.02)* 0.15(0.03)* 0.11(0)* 0.11(0)* 

Multiple 
Imputation -0.02(0.01) 0.2(0.12) 0.25(0.08)* 0.22(0.03)* -0.75(0.11)* 0.24(0.15) 0.1(0.07) 0.16(0.11) 

MICE (No 
weights) 0.02(0.03) -0.29(0.07)* -0.25(0.06)* -0.2(0.05)* -1.21(0.08)* -1.03(0.21)* -0.09(0.08) -0.17(0.97) 

Data Set 2 

Listwise Deletion -0.05(0)* 0.2(0.01)* 0.24(0.01)* 0.41(0.01)* 1.14(0.04)* 2.51(0.06)* -0.26(0.01)* 0.54(0.02)* 

Arithmetic Mean -0.05(0)* 0.19(0.01)* 0.12(0)* 0.12(0)* -0.48(0.02)* 0.64(0.03)* -0.11(0)* 0.2(0.01)* 
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Regression 
Imputation -0.08(0)* 0.08(0)* 0.07(0)* 0.2(0)* -0.6(0.02)* 0.65(0.03)* -0.15(0)* 0.24(0)* 

Maximum 
Likelihood -0.05(0)* 0.14(0.01)* 0.2(0.01)* 0.15(0)* -0.44(0.02)* 0.8(0.03)* -0.14(0)* 0.22(0.01)* 

Multiple 
Imputation -0.07(0.01)* 0.17(0.11) 0.22(0.07)* 0.15(0.02)* -0.47(0.05)* 0.72(0.07)* -0.17(0.06)* 0.17(0.07) 

MICE (No 
weights) 0.05(0.03) -0.15(0.11) -0.23(0.12) -0.12(0.04)* -1.32(0.19)* -0.72(0.2)* 0.1(0.08) -0.24(0.09)* 

Data Set 3 

Listwise Deletion -0.13(0)* 0.38(0.01)* 0.19(0.01)* 0.67(0.01)* -0.92(0.07)* 0.5(0.09)* -0.27(0.01)* 0.33(0.02)* 

Arithmetic Mean -0.07(0)* 0.3(0.01)* 0.22(0)* 0.19(0)* -0.84(0.02)* 0.31(0.03)* -0.13(0)* 0.09(0.01)* 

Regression 
Imputation -0.08(0)* -0.17(0)* 0.28(0)* 0.22(0)* -0.89(0.02)* 0.45(0.03)* -0.23(0)* 0.1(0)* 

Maximum 
Likelihood -0.07(0)* 0.29(0.01)* 0.34(0.01)* 0.19(0)* -0.9(0.02)* 0.36(0.03)* -0.15(0)* 0.13(0.01)* 

Multiple 
Imputation -0.07(0.01)* 0.32(0.19) 0.34(0.06)* 0.19(0.02)* -0.91(0.1)* 0.24(0.15) -0.17(0.03)* 0.15(0.08) 

MICE (No 
weights) 0.07(0.03)* -0.3(0.14) -0.33(0.09)* -0.2(0.05)* -1.23(0.19)* -0.96(0.24)* 0.19(0.07)* -0.23(0.1)* 

Data Set 4 

Listwise Deletion -0.08(0)* 0.96(0.01)* -0.42(0.01)* 0.14(0.01)* 0.01(0.04) 0.71(0.06)* -0.21(0.01)* 0.29(0.02)* 

Arithmetic Mean -0.004(0)* 0.26(0)* 0.15(0)* 0.1(0)* -0.51(0.02)* 0.77(0.03)* -0.1(0)* 0.04(0.01)* 

Regression 
Imputation -0.08(0)* 0.96(0.01)* -0.42(0.01)* 0.14(0)* 0.01(0.04) 0.71(0.06)* -0.21(0.01)* 0.29(0.02)* 
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Maximum 
Likelihood -0.01(0)* 0.38(0)* 0.15(0)* 0.11(0)* -0.51(0.02)* 0.95(0.03)* -0.09(0)* 0.04(0.01)* 

Multiple 
Imputation -0.02(0.01) 0.24(0.07)* 0.21(0.09) 0.12(0.04)* -0.47(0.05)* 0.96(0.08)* -0.1(0.02)* -0.09(0.12) 

MICE (No 
weights) 0.02(0.03) -0.26(0.1)* -0.21(0.06)* -0.13(0.05)* -1.53(0.23)* -0.74(0.18)* 0.11(0.06) 0.01(0.09) 

Note. *Statistically significant at a=0.05.
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Table 2d	

Logistic Regression Coefficients (Standard Errors) by Satisfied doing what is expected in class, 

Parent’s level of Academic Involvement 

Method 

Satisfied doing 
what is 

expected in 
class 

Parent’s level 
of academic 
involvement 

Data Set 1 

Listwise Deletion 0.14(0.01)* -0.72(0.01)* 

Arithmetic Mean -0.03(0)* -0.49(0.01)* 
Regression 
Imputation -0.07(0)* -0.42(0)* 

Maximum 
Likelihood -0.01(0) -0.69(0)* 

Multiple 
Imputation 0.04(0.05) -0.71(0.08)* 

MICE (No weights) -0.08(0.06) 0.68(0.08)* 

Data Set 2 

Listwise Deletion -0.15(0.01)* -0.49(0.01)* 

Arithmetic Mean -0.11(0)* -0.44(0.01)* 
Regression 
Imputation -0.18(0)* -0.25(0)* 

Maximum 
Likelihood -0.1(0)* -0.52(0.01)* 

Multiple 
Imputation -0.12(0.49) -0.59(0.08)* 

MICE (No weights) 0.1(0.06) 0.64(0.13)* 

Data Set 3 

Listwise Deletion -0.01(0.01) -0.6(0.01)* 

Arithmetic Mean -0.04(0)* -0.45(0.01)* 

Regression 
Imputation -0.07(0)* -0.34(0)* 

Maximum 
Likelihood -0.03(0)* -0.53(0.01)* 
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Multiple 
Imputation -0.02(0.08) -0.63(0.09)* 

MICE (No weights) -0.04(0.09) 0.63(0.11)* 

Data Set 4 

Listwise Deletion 0.09(0.01)* -0.58(0.01)* 

Arithmetic Mean -0.03(0)* -0.45(0)* 

Regression 
Imputation 0.09(0.01)* -0.58(0.01)* 

Maximum 
Likelihood -0.02(0)* -0.56(0.01)* 

Multiple 
Imputation 0.02(0.07) -0.61(0.09)* 

MICE (No weights) 0.001(0.06) 0.58(0.1)* 

Note. *Statistically significant at a=0.05.	

	

Missing data comparisons for dataset 1. The remaining missing data methods are 

briefly described for data set 1, with emphasis placed on regression models with large standard 

errors.  Logistic regression results based on data from the multiple imputation method indicated 

that being African American or Hispanic, were no longer statistically significant predictors of 

attending postsecondary school. Likewise, these variables were not statistically significant for 

the MICE missing data either. In addition, gender and being Asian/Hawaiian/Pacific Islander, 

African American, Hispanic, or Multiracial were also not significantly related to college 

attendance when MICE was used to handle the missing data. Varying from listwise data deletion, 

the remaining missing data approaches did not yield high regression coefficients or extreme 

standard errors, when the household income was less than $1,001. This indicated the other 

methods were not as sensitive to having missing values within a specific category of an 

independent variable for a small sample. Consistent with listwise, multiple imputation with 
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MICE indicated a household was not a significant predictor when the household income was less 

than $1,001; however, unlike listwise, MICE did not display high coefficient values.	

Family income was not a significant predictor for a household income of $50,001 to 

$200,000 with the multiple imputation method.  Similarly, results from the multiple imputation 

method implied family composition and control expectancy was not a salient independent 

variable. Consistently, family composition was not a significant variable for the multiple 

imputation with the MICE regression model. Attending a catholic high school was not a salient 

predictor for the multiple imputation model. A teacher’s interest in students and parents knowing 

their friends parents was not a significant independent variable for multiple imputation, and 

multiple imputation with MICE. High school students’ satisfaction doing what is expected in 

class was not a salient predictor variable with the maximum likelihood, multiple imputation, and 

multiple imputation with MICE regression models. 	

Continuously throughout dataset 1, low standard errors were displayed for arithmetic 

mean imputation, regression imputation, maximum likelihood, multiple imputation, and multiple 

imputation with MICE. There were generally few statistically significant independent variables 

with MICE, and the salient predictor variables displayed regression coefficients opposite to the 

other missing data methods. For instance, school-sponsored activities displayed statistically 

negative slopes with MICE, but were statistically positive for the other methods. Instrumental 

motivation showed similar negative slopes for listwise and MICE, and had positive slopes for the 

other methods. Overall, arithmetic mean imputation, regression imputation, and maximum 

likelihood presented with more statistically significant results, compared to listwise, multiple 

imputation, and multiple imputation with MICE. 	
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Missing data comparisons across datasets. In this section comparisons among the 

logistic regression results in relations to results from dataset 1 were made.  As mentioned earlier, 

calculating mean estimates produces inaccurate calculations if there are outliers, and there may 

have been several outliers skewing the regression results from data set 3; however, assumption 

checks did not show any outlier within the subsample. Varying from dataset 1, the constant 

ethnicity group, Caucasian, displayed large slopes across dataset 3 and 4 for the listwise method, 

but the results were not statistically significant. Similarly, data set 4 presented with high slopes 

and standard errors for regression imputation. The listwise method displayed extreme standard 

errors for dataset 3 with large regression coefficients for family income; however, this 

independent variable was not a salient predictor of college enrollment, unlike results from dataset 

1. 	

Somewhat surprisingly, the regression imputation displayed large regression coefficients 

and extreme standard errors for family income for dataset 4. There were also changes to the 

slopes for family composition, as it was a significant positive predictor of college enrollment for 

dataset 1, and the slopes were statistically negative for the other subsamples. When evaluating 

multiple imputation with MICE, the regression model did not include weights, a disadvantage 

when compared to the other methods. Similar to results from dataset 1, the other subsamples had 

very few statistically significant independent variables for multiple imputation with MICE. For 

example, family income was not a salient predictor when the annual income was less than 

$15,001. 	

Having varying results for dataset 3 and 4, made it challenging to interpret general 

impressions that were consistently seen across each missing approaches per subsample; however, 

there were some noteworthy patterns. Maximum likelihood displayed results that were not 
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statistically significant, but showed extremely large slopes and standard errors when the category 

group presented with a small sample (ex. no family income), similar to the sensitivity shown 

with the listwise data deletion missing data approach.  Equal to results from dataset 1, multiple 

imputation with MICE presented with few statistically significant independent variables. 

Arithmetic mean imputation and regression imputation displayed the most statistically significant 

predictor variables. 	
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CHAPTER 5 

Discussion  

Missing data issues have been widely discussed across statistical literature, with 

increasing interest among researchers over the past few decades (Rubin, 1976; Graham et al., 

1996; Little & Rubin, 2002, Allison, 2002; Molenberghs, 2007, McKnight & McKnight, 2011, 

etc.). Discussions on how to handle and evaluate results with missing values, (i.e., ad hoc versus 

modern methods), including potential biases and skewed distributions (inflated/deflated), have 

been debated among researchers. When selecting a modern method approach, statisticians have 

slightly varying views, where some suggest maximum likelihood estimations to be a better 

performer (e.g., Allison, 2006; Larsen, 2011) while others suggest multiple imputation is 

comparable to maximum likelihood (e.g., Collins, Schafer & Kam, 2001; Schafer & Graham, 

2002; Baraldi & Enders, 2010). The purpose of this study is to compare various methods for 

dealing with missing data in a research design, including exploring the benefits and challenges of 

traditional and modern methods, with emphasis placed on the pitfalls of ad hoc procedures and 

focusing on results generated from modern methods.  

When exploring missing data, it is critical to understand when and why the unobserved 

values are missing, to determine the ‘ignorablity’ of the missing information (McKnight et al., 

2007). Missing data is typically classified into alone of three categories: MCAR, MAR, and 

MNAR (Rubin, 1976). Past research has proven modern methods to be more effective than the 

ad hoc methods that predominated the early missing data literature (Baraldi & Enders, 2010; 

Cook, McIntosh, Reason, & Terenzini, 2014; Ferro, 2014; Newman, 2003). In comparison to 

traditional missing data approaches, modern methods have demonstrated smaller standard errors, 

proving to be statistically a stronger method; however, the standard error can be underestimated 



 
	

59	

with single imputations, as there is a zero in between the imputation variance (Schafer, 1999a). 

Modern methods such as multiple imputation, rely on more plausible assumptions, offering more 

accurate accounts for the uncertainty of the unobserved values, leading to appropriate standard 

errors. In this study, the standard estimates measured the accuracy of the predictor values for the 

regression models; hence, lower standard errors illustrated a robust model. This is imperative 

when accounting for and replacing missing values based on the observed values. Having the 

correct standard error is vital, as it directly impacts the tests of significance; wherein, false 

estimations can produce inaccurate hypothesis tests. 	

Overall, in this study, listwise data deletion yielded relatively higher standard errors for 

the regression coefficients, when compared to the other models, and the results were consistent 

with past research (e.g., Allison, 2002; Witta, 2000; Baraldi & Enders, 2010). Arithmetic mean 

imputation and maximum likelihood presented with the most statistically significant predictor 

variables, but in the case of mean imputation this may have been due to an underestimation of 

the standard errors of the coefficients. Past studies have indicated mean imputations lead to 

overestimations or underestimations of parameter estimations (Malhotra, 1987; Roth, 1994). 

Maximum likelihood requires a dataset to have multivariate normality (Graham & Hofer, 2000; 

Enders, 2010), and similar to past research, the results of this study appeared to generate biased 

parameter estimates in several instances, which may be due to the lack of normality present for 

some variables.  

  Multiple imputation demonstrated statistically significant variables similar to maximum 

likelihood; however, multiple imputation was not sensitive (illustrated by the lower standard 

errors) to the lack of normality for some variables. Multiple imputation with MICE displayed 

few statistically significant variables across all four subsamples. In regards to all of the missing 
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data approaches, multiple imputation using MICE, displayed the logistic regression parameter 

estimates with the least extreme standard errors. This does not mean it is uniformly the best 

method to use, as it has its weaknesses (e.g., computation limitations with a large number of 

interactions), but it may be a preferred method for less complex methods (i.e., simple regression 

model with different variable types – continuous, binary, or categorical).  

Limitations  

 There are important limitations in regards to the impact of missing data with this study. 

As such, as with any type of statistical analysis, the function of all these methods are to make 

inferences on the population of interest; unfortunately, weaknesses arise, varying from having a 

reduction of data (e.g., participant drop out), to having an unequal distribution with the sample 

being used for a research design, negatively impacting the statistical analysis. For example, a 

logistic regression does not need the dependent variable to be continuous, nor does it assume a 

linear relationship between the independent and dependent variable; however, there may be 

multicollinearity among the independent variables. Moreover, the type of unobserved values 

presented in a dataset, can prove challenging as the researcher may be unaware of MNAR 

missingness.  

Common programs, such as R, STATA, and SPSS, can calculate semiparametric 

regressions with weights when running listwise data deletion, which reduces biases that may 

occur from the remaining complete cases. The development of weights and the use of regression 

models with missing covariates for large datasets were especially noteworthy under multiple 

imputation; however, a limitation in the study, was in running the MICE package, as it does not 

currently allow for weights. When running the various logistic regression analyses, the present 

dataset consisted of variables in the form of Likert items while accounting for few nominal and 
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scale independent variables; conversely, this paper did not assess the effects having continuous 

categorical independent variables.  

Conclusion and future directions 

As many researchers can attest, regardless of the statistical estimation combined with 

assumption checks and simulations, the only true way to account for unobserved values is to not 

have any missing information at all.  Unfortunately, in practice, the presence of missing values is 

inevitable. Without any statistical analysis to interpret missing data, the effects of a study can 

produce biased estimates (i.e., redefining the parameter or sample). The sample size also impacts 

the results of the imputations; however, there are varying views concerning the required amount 

of participants needed prior to running a modern method (e.g., Herzog, Boomsma, & Reinecke, 

2007). More recently, applied researchers have tested small longitudinal data using simulations, 

with findings indicating maximum likelihood was a better performer for small sample sizes, 

particularly when the missingness was MCAR or MAR (Shin, Davison, & Long, 2016). Bak and 

Hansen (2016) have suggested estimating the variance for the complete cases using the a priori 

method, prior to running the analysis, to evaluate how precise the imputation algorithms perform 

within a dataset.  

It is recommended researchers evaluate their entire dataset to prevent and/or reduce 

weakening the results of their study when there is a significant amount of unobserved values, as 

the goal of statistical analyses is to produce results as closely parallel to the population of 

interest. It has been suggested to report how the “…actual analysis differs from the analysis 

planned” (Wilkinson & APA Task Force on Statistical Inference, 1999, p. 597) before 

complications arise, to reduce potential outliers or biases in the analysis. If we are fortunate 

enough to have our unobserved variables classified as MCAR only, the various missing data 



 
	

62	

methods are projected to construct similar regression models. In regards to running regressions, 

if the variables are continuous, researchers may find it beneficial to perform t-tests to see if there 

is a significance between the outcome of another variable when the missing values are deleted 

(see Tabachnick & Fidell, 2013).  

The underlying distribution of data collected, coupled with the correlations between the 

independent and dependent variables, make it unlikely to have one method to address the 

conflicts of missing values. Even with the challenges emanating from this report, consistent with 

past research, multiple imputations proved to be a stronger method when accounting for missing 

data, particularly when using a large dataset with a longitudinal design. Specifically, the 

information from the observed data allowed for a highly predictive imputation model, reducing 

estimation biases. With lower standard errors, multiple imputation methods offered powerful 

regression models; thus, enhancing the plausibility of having significant independent variables 

such as in the demonstration dataset utilized in this study.	

Future research should consider ways to handle missing values when the missingness is 

categorized as MNAR for large datasets to reduce having biased parameter estimates and making 

false assumptions about the population of interest. It would be beneficial if future missing data 

approaches include user-friendly software to impute data for complex structures, particularly 

with longitudinal datasets, to account for participant drop-out. Furthermore, consistent statistical 

features across common statistical programs, would reduce the likelihood of computational 

errors. In sum, the stability of results provided from a study is not necessarily an indicator of 

validity; however, MICE still proves to be advantageous when compared to other approaches 

when handling missing data, as it offers flexibility for skewed distributions, in which it does not 

require monotone missing data, and it imputes unobserved values on a variable by variable basis.  
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Figure 1. Example of Rubin’s Missing Data Classification System 
 
 
    Survey Items    Missing Data Classification 
 
Subject #  Age Gender     GPA     Math          Reading            MCAR       MAR      MNAR 
         Average      Average 
______________________________________________________________________________ 
1  13 F     3.8        96%            0      X     
2  14 M     2.5        80% 83%       
3  12 F     3.8      0  0         X  
4  13 M     3.0      83% 86%       
5   13        M     2.0        0  74%    X   
6  14 F     3.6      92% 97% 
7  11        M             2.3       0          70%    X 
8  14 M     2.7      75% 93% 
9  12 F     3.4        84%            92% 
10  14 M     2.4      0  76%    X  
. 
. 
500           
______________________________________________________________________________ 
Note. 0 = Missing data. In this illustration the missing data for subject # 1 is classified as MCAR, 
as there is no pattern for the missing data and it appears to be completely random. The missing 
data for subjects # 5, 7, and 10 are classified as MAR, as the pattern of missingness is related to 
male subjects with lower GPA scores. The missing data for subject # 3 is given the MNAR 
classification as it is inferred the subject’s math and reading grades are high because her GPA is 
high; however, there are no other test scores to accurately make this inference.     
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Figure 2. Missing data patterns 
 
 
Subject #   SAT Score  Math Score  Reading Score 
______________________________________________________________________________ 
1   1   1   0 
2   1   1   1 
3   0   0   1 
4   1   0   1 
5   1   1   1 
. 
. 
. 
500           
______________________________________________________________________________ 
Note. 1 = Observed data, 0 = Missing data.  
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Table 1a  

Descriptive Statistics on Categorical Variables  

 Dataset # 1 
(N = 4049) 

Dataset # 2 
(N = 4049) 

Dataset # 3 
(N = 4050) 

Dataset # 4 
(N = 4049) 

 
Variables Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Gender         
Male 1891 46.7% 1917 47.3% 1920 47.4% 1925 47.5% 
Female 1960 48.4% 1925 47.5% 1905 47% 1927 47.6% 
Missing 198 4.9% 207 5.1% 225 5.6% 197 4.9% 
         

Ethnicity         
American Indian/Alaska Native 29 0.7% 39 1% 32 0.8% 30 0.7% 
Asian/Hawaiian/Pacific Islander 388 9.6% 353 8.7% 375 9.3% 344 8.5% 
African American 498 12.3% 476 11.8% 530 13.1% 516 12.7% 
Hispanic (no race specified) 261 6.4% 246 6.1% 239 5.9% 250 6.2% 
Hispanic (race specified) 291 7.2% 313 7.7% 302 7.5% 315 7.8% 
Multiracial  180 4.4% 187 4.6% 187 4.6% 181 4.5% 
Caucasian  2173 53.7% 2195 54.2% 2129 52.6% 2185 54% 
Missing 229 5.7% 240 5.9% 256 6.3% 228 5.6% 

         
Family Composition         

Mother and Father 2303 56.9% 2317 57.2% 2236 55.2% 2244 55.4% 
Mother and Male Guardian  427 10.5% 485 12% 483 11.9% 485 12% 
Father and Female Guardian 122 3% 119 2.9% 115 2.8% 136 3.4% 
Two Guardians 79 2% 75 1.9% 62 1.5% 50 1.2% 
Mother Only 711 17.6% 637 15.7% 695 17.2% 708 17.5% 
Father Only 97 2.4% 108 2.7% 132 3.3% 115 2.8% 
Female Guardian Only 47 1.2% 41 1% 52 1.3% 50 1.2% 
Male Guardian Only 13 0.3% 15 0.4% 12 0.3% 9 0.2% 
Lives with student less than half 
time 

40 1% 35 0.9% 27 0.7% 43 1.1% 

Missing 210 5.2% 217 5.4% 236 5.8% 209 5.2% 
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Family Income         
None 21 0.5% 28 0.7% 15 0.4% 16 0.4% 
$1,000 or less 36 0.9% 41 1% 50 1.2% 51 1.3% 
$1,001-$5,000 80 2% 73 1.8% 72 1.8% 80 2% 
$5,001-$10,000 86 2.1% 114 2.8% 79 2% 72 1.8% 
$10,001-$15,000 181 4.5% 167 4.1% 183 4.5% 168 4.1% 
$15,001-$20,000 190 4.7% 180 4.4% 212 5.2% 200 4.9% 
$20,001-$25,000 255 6.3% 228 5.6% 259 6.4% 258 6.4% 
$25,001-$35,000 447 11% 474 11.7% 499 12.3% 474 11.7% 
$35,001-$50,000 749 18.5% 758 18.7% 771 19% 744 18.4% 
$50,001-$75,000 851 21% 780 19.3% 838 20.7% 847 20.9% 
$75,001-$100,000 545 13.5% 587 14.5% 524 12.9% 522 12.9% 
$100,001-$200,000 462 11.4% 478 11.8% 408 10.1% 462 11.4% 
$200,001 or more 146 3.6% 141 3.5% 140 3.5% 155 3.8% 
Missing 0 0% 0 0% 0 0% 0 0% 
         

School-Sponsored Activities         
0 Sponsored Activity 1785 44.1% 1711 42.3% 1818 44.9% 1798 44.4% 
1 Sponsored Activity  1015 25.1% 973 24% 986 24.3% 964 23.8% 
2 Sponsored Activities 498 12.3% 549 13.6% 519 12.8% 502 12.4% 
3 Sponsored Activities	 233 5.8% 289 7.1% 232 5.7% 260 6.4% 
4 Sponsored Activities	 114 2.8% 119 2.9% 104 2.6% 118 2.9% 
5 Sponsored Activities	 50 1.2% 51 1.3% 42 1% 60 1.5% 
6 Sponsored Activities	 26 0.6% 24 0.6% 15 0.4% 25 0.6% 
7 Sponsored Activities 8 0.2% 11 0.3% 2 0.0% 10 0.2% 
8 or more Sponsored Activities  15 0.4% 5 0.1% 7 0.2% 9 0.2% 
Missing 305 7.5% 317 7.8% 325 8% 303 7.5% 
         

School Control         
Public 3204 79.1% 3181 78.6% 3226 79.7% 3154 77.9% 
Catholic  492 12.2% 508 12.5% 479 11.8% 494 12.2% 
Other Private 353 8.7% 360 8.9% 345 8.5% 401 9.9% 
Missing 0 0% 0 0% 0 0% 0 0% 
         

Teachers Interest in Students         
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Strongly Agree 569 14.1% 561 13.9% 536 13.2% 531 13.1% 
Agree 2102 51.9% 2180 53.8% 2192 54.1% 2224 54.9% 
Disagree 775 19.1% 681 16.8% 705 17.4% 713 17.6% 
Strongly Disagree 133 3.3% 138 3.4% 124 3.1% 131 3.2% 
Missing 470 11.6% 489 12.1% 493 12.2% 450 11.1% 
         
Parents Know Friends Parents         

No 1581 39% 1517 37.5% 1576 38.9% 1526 37.7% 
Yes 1755 43.3% 1767 43.6% 1714 42.3% 1769 43.7% 
Missing 713 17.6% 765 18.9% 760 18.8% 754 18.6% 
         

Satisfied by doing what is 
expected in class 

        

Strongly Agree 385 9.5% 380 9.4% 415 10.2% 393 9.7% 
Agree 1876 46.3% 1849 45.7% 1834 45.3% 1837 45.4% 
Disagree 1153 28.5% 1161 28.7% 1175 29% 1198 29.6% 
Strongly Disagree 225 5.6% 227 5.6% 182 4.5% 209 5.2% 
Missing 410 10.1% 432 10.7% 444 11% 412 10.2% 
         

Parent’s level of academic 
involvement 

        

Very Involved 634 15.7% 621 15.3% 595 14.7% 576 14.2% 
Somewhat Involved 859 21.2% 801 19.8% 814 20.1% 806 19.9% 
Not Involved 440 10.9% 422 10.4% 471 11.6% 448 11.1% 
Missing 2116 52.3% 2205 54.5% 2170 53.6% 2219 54.8% 
         

Enrolled in college within a 
year after completing high 

school 

        

No College 957 23.6% 987 24.4% 992 24.5% 967 23.9% 
College  2425 59.9% 2429 60% 2436 60.1% 2428 60% 
Missing 667 16.5% 633 15.6% 622 15.4% 654 16.2% 
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Table 1b  

Descriptive Statistics on Continuous Variables  

 

 Dataset # 1 
(N = 4049) 

Dataset # 2 
(N = 4049) 

Dataset # 3 
(N = 4050) 

Dataset # 4 
(N = 4049) 

 
Variables Mean Standard 

Deviation 
Mean Standard 

Deviation 
Mean Standard 

Deviation 
Mean Standard 

Deviation 
         

Control Expectancy Scale 0.390 0.747 0.394 0.754 0.369 0.756 0.371 0.762 
Instrumental Motivation Scale 0.316 0.837 0.259 0.825 0.249 0.828 0.296 0.828 

 

Table 3 

R-Squared Values 

R2 

 Listwise 
Deletion 

Arithmetic 
Mean 

Regression 
Imputation 

Maximum 
Likelihood 

Multiple 
Imputation 

Data Set 1 0.29 0.18 0.26 0.26 0.29 
Data Set 2 0.29 0.13 0.19 0.2 0.23 
Data Set 3 0.36 0.18 0.24 0.25 0.27 
Data Set 4 0.31 0.15 0.31 0.23 0.24 
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Figure 3 
 
Missing Value Patterns by Variable, Case, and Value 
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Figure 4 
 
Missing Value Patterns by Variable  
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Appendix A 

Description of Variables  

Independent Variables 

Gender 1 = Male; 2 = Female 

Race  

1 = American Indian/Alaska Native 
2 = Asian/Hawaiian/Pacific Islander 
3 = African American 
4 = Hispanic, no race specified 
5 = Hispanic, race specified  
6 = Multiracial (more than one race) 
7 = Caucasian   

Family Composition  

1 = Mother and Father 
2 = Mother and Male Guardian 
3 = Father and Female Guardian 
4 = Two Guardians 
5 = Mother Only 
6 = Father Only 
7 = Female Guardian Only 
8 = Male Guardian Only 
9 = Lives with student less than half time 

Family Income 

1 = None 
2 = $1,000 or less 
3 = $1,001 to $5,000 
4 = $5,001 to $10,000 
5 = $10,001 to $15,000 
6 = $15,001 to $20,000 
7 = $20,001 to $25,000 
8 - $25,001 to $35,000 
9 = $35,001 to $50,000 
10 = $50,001 to $75,000 
11 = $75,001 to $100,000 
12 = $100,001 to $200,000 
13 = $200,001 or more 

Control Expectancy 4-point scale = Almost never; Sometimes; Often;  
Almost always 

Instrumental Motivation 4-point scale = Almost never; Sometimes; Often;  
Almost always 

Number of school-sponsored 
activities participated in 

0 = 0 school-sponsored activities 
1 = 1 school-sponsored activity  
2 = 2 school-sponsored activities 
3 = 3 school-sponsored activities 
4 = 4 school-sponsored activities 
5 = 5 school-sponsored activities 
6 = 6 school-sponsored activities 
7 = 7 school-sponsored activities 
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8 = 8 or more school-sponsored activities 

School control 
1 = Public 
2 = Catholic 
3 = Other Private 

Teachers are interested in 
students 

1 = Strongly Agree 
2 = Agree 
3 = Disagree 
4 = Strongly Disagree 

Parents know 3rd friend’s 
parents 

0 = No 
1 = Yes 

Satisfied by doing what is 
expected in class 

1 = Strongly Agree  
2 = Agree 
3 = Disagree 
4 = Strongly Disagree 

Parents’ level of involvement 
in academic performance 

1 = Very Involved 
2 = Somewhat Involved 
3 = Not Involved 

Dependent Variables 

Postsecondary Attendance 

0 = Did not attend collect within 12-months after 
completing high school 
 
1 = Attended college within 12-months of completing high 
school 
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Appendix B 

R Syntax – MICE Package 

 
 firstdata <- read.spss("C:/Desktop/DS1_UseforR.sav", use.value.labels=TRUE, max.value.labels=Inf, 
to.data.frame=TRUE) 
 
colnames(firstdata) <- tolower(colnames(firstdata)) 
 
firstdata$byfamcomp<-as.numeric(firstdata$byfamcomp) 
firstdata$byschoolsponsored<-as.numeric(firstdata$schoolsponsored) 
firstdata$byteachersinterest<-as.numeric(firstdata$teachersinterest) 
firstdata$bysatisfiedexpected<-as.numeric(firstdata$bysatisfiedexpected) 
firstdata$byacademicinvolvement<-as.numeric(firstdata$byacademicinvolvement) 
 
firstdata.mice<-mice(firstdata) 
summary(firstdata) 
 
firstdata.glm.mice<-with(firstdata.mice,  
glm(college_mdseparate~bygender+byethnicity 
+byfamcomp+byincome+byconexpectancy+byinstrumentalmot+byschoolsponsored+byschoolctrl+byteachersi
nterest 
+byfriendparents+bysatisfiedexpected+byacademicinvolvement, family=binomial)) 
summary(pool(firstdata.glm.mice)) 
 

 
 
 

 


