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Abstract 

 

PRISE STUDY: A missing data problem 

By Tahera Darensburg 

 

 

The PRISE study was an intervention to encourage African-American women of Grady Healthcare to 
improve their fitness.  This study was subject to large drop outs, presenting a particular problem for 
analysis.  This problem with missing data inspired drop-out analysis and a comparative analysis of 
imputation.  We will analyze the drop-out process as an outcome and determine if any factors 
measured in the study are associated with drop-out. For imputation, the methods we compare are 
Average (Avg), Previous (Prev), Post (Post), Last and Next (LaN), Last Value Carried Forward 
(LVCF), and Next Value Carried Backward (NVCB).  We will compare the methods given varying 
amounts of missingness.  We give evidence to support that simple imputation methods can be an 
effective way to deal with MAR data.  The best imputation methods as found in this study were LaN 
and Post.  As the amount of missingness increased both LaN and Post maintained relatively low 
bias, (proportionate variance) PV close to 1, and consistent variance.   
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1. Introduction 

1.1 Background:  PRISE Study 

The purpose of the PRISE intervention was to encourage employed African-American 

women to initiate and sustain long-term physical activity.  Our study population was 

taken from Atlanta’s Grady Health System’s 3,000 African-American employees aged 

18-50 years old.  The study was comprised of two segments: an initial qualitative, cross-

sectional component with data collected from various questionnaires and a longitudinal 

intervention based on Dishman’s Theory.5  PRISE is an acronym that summarizes 

Dishman’s Theory, which stands for Preps, Reps, Increased Steps, and Encouragement.  

Each component is outlined in detail below. 

The preps component focuses on preparing the women for success by reducing the effect 

of personal barriers that interfere with starting a physical activity program and 

maintaining healthy eating.  Reps refers to the resistance and weight training portion of 

the program.  Increased steps includes setting and obtaining modest goals for physical 

activity over the 6-month intervention period.  Lastly, the encouragement element of 

the PRISE intervention is meant to improve the likelihood of success in the program 

with social support and personalized feedback.   

Given the overarching health disparities partially attributable to lack of physical 

activity and obesity, the results of the PRISE study hold considerable value.  The 

purpose of the PRISE study was to show the effectiveness of a work-based intervention 

and to extend our scope to the health benefits of starting a physical fitness regimen.  

However, one of the hurdles of this study was the same as previous studies with 
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African-American women: high drop-out rates, lack of participation, and modest 

results.9,13,25,26  These particular issues result in unbalanced data and biased results, 

presenting considerable complications to completing analysis.  The PRISE study served 

as a motivation to explore reliable techniques for analyzing problems with missing data, 

and analyze drop-out as an outcome.  These results could be applied to similar health 

studies with high amounts of dropout that focus on African-American women. 

 

1.2 Missing Data 

As illustrated by data from the PRISE study, missing data is a common complication to 

completing analysis.  The first step to dealing with missing data is to first determine the 

nature of the missingness in the data.   Three main classifications of missing data are 

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

random (MNAR).6,7   

Utilizing our data we consider Yi as our dependent variable that represents average 

daily steps for the women at time i=1,2,3,4 and for the purposes of illustration use X as 

an arbitrary corresponding independent variable.  For data that is MCAR the 

probability that observation Yi is missing is unrelated to Yi observed or missing, 

however, Yi may depend on a particular X.6,7  The PRISE step log data would be MCAR 

if say a patient had forgotten their pedometer on a particular day and was unable to 

report.  Analysis tends to be unbiased with MCAR data.6,7 

With MAR data missingness depends on observed Yi values, but not missing Yi values.  

For example, participants with lower ADS may be less likely to report.  Particular 
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characteristics of participants may be related to lower ADS.  With MAR data we may 

find that missingness does not depend on Yi after controlling for another variable.  In 

the case of MAR data we find that bias is introduced.  Continuing with our above 

example if younger participants had lower ADS and thus were less likely to report data, 

summary statistics and models will be biased since not containing much data from 

younger participants.  Younger participants might be more in shape and have higher 

average daily steps (ADS); without these measurements our summary statistics might 

be underestimated. 6,7  

The last classification of data that we will consider will be MNAR.  If data is not MCAR 

or MAR it is MNAR.  MNAR data occurs when missingness depends on both observed 

and missing variables.  With MNAR bias is introduced as well.6,7  Given the type of 

missing data that a problem has there are various methods that Statisticians have 

proposed to deal with this issue.  The methods that we will look at involve manipulating 

the data to result in a new dataset that is able to be utilized for analysis. 

One method is listwise deletion, where cases are omitted with missing data points.  One 

drawback to this method is this method will result in a much lower sample size.  It will 

also still result in biased results with MAR and MNAR.  With the PRISE study, there is 

so much missing data that listwise deletion is not a wise method, because it will 

significantly decrease our sample size. 

Some statistical software packages use a method called pairwise deletion.  With this 

method subjects are only included in calculations where they have available data.  

Specifically, when intercorrelation matrices are estimated using all available data.  If 

age and weight parameters of interest only subjects with both measurements available 
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will be included, all others will be deleted.  This method still has negative aspects; the 

parameters of the model will be based on different sets of data with different sample 

sizes and standard errors.  Additionally, with this method it is possible to have an 

intercorrelation matrix that is not positive definite.  

A third collection of methods that are commonly utilized are imputation methods.  

Imputation is a process that involves replacing missing data in a systematic and 

realistic way in order to result in a dataset that can be utilized for analysis.  There are 

various imputation methods, some simple and some more sophisticated.  There have 

been several studies that compare different imputation methods and the respective 

effectiveness of each.2,12,24   With our research we propose to show that simple 

imputation methods can be a very effective way of dealing with missing data.  These 

methods are less complicated and perform very well, making them an excellent choice 

for imputation. 

The imputation methods that we will compare are average (Avg), average of previous 

(Prev), average of future (Post), last and next (LaN), last value carried forward (LVCF), 

and next value carried backward (NVCB).  With the Avg method we replace missing 

data points with the average for each respective subject.6  With Prev we replace the 

missing data with the average of all the preceding values and with Post it is replaced 

with the average of all of the subsequent values.6  The next method is the LaN method, 

where we average the last value and the next value and use that value to replace a 

missing value.6 The LVCF method takes the last observed data point and carries it 

forward to replace a subsequent missing value.  Similarly, the NVCB method takes the 

next value and uses it to replace preceding missing values.6   
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All imputation methods can not be utilized with all instances of missing data.  Only the 

Avg method results in all missing values being replaced.  With Prev an initial instance 

of missing data can not be replaced, and likewise with Post a terminal instance of 

missing data can not be replaced.  LaN, LVCF, and NVCB can not be achieved when 

there is no existing ‘last’ or ‘next’ value.  We consider these drawbacks to be minimal 

when looking at our data.  With our particular dataset we have ADS from 31 time 

points for a 6-month period.  All methods would still result in new datasets with a large 

number of missing data filled in. 

With the PRISE study we find intermittent missing data and dropouts.  With the 

amount of missing data that we have it would be beneficial to attempt to fill in some of 

the missing data.  These imputation methods will be applied to our dataset and 

compared as we simulate varying amounts of missing data in an effort to show that 

simple imputation methods can be an effective way to deal with MAR data. 

2. Methods 

2.1 Data Collection 

At baseline we will perform an assessment including: a survey instrument to collect 

demographic data, data from lab results, 2-week self-reported daily steps log, and a 

treadmill stress test.  These results are utilized for the inclusion/exclusion criteria.   

To collect psychological data the women will complete the following questionnaires: 

Exercise Benefits/Barriers Scale (EBBS), Jackson, Hogue, Phillips Contextualized 

Stress Measure (JHP), Strate, Trait and Anger Expression Inventory (STAXI II), Self-
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Efficacy for Exercise Behaviors Scale, Brief symptom survey (BSI), DR Index, and Life 

Changes Scale.  These questionnaires assess perceived barriers and benefits to fitness, 

measure perceived stress, anger, self-efficacy, and life changing events.1,3,20,21 

Throughout the study the participants will turn in step logs of their ADS as measured 

by pedometer.  At the end of the study the women will complete EBBS, Self-Efficacy for 

Exercise Behaviors Scale, BSI, Life Changes Scale, again for follow-up psychological 

data.  They will also undergo a final treadmill stress test. 

 

2.2 Analysis 

2.2.1 Overall Analysis 

We will calculate descriptive statistics including, but not limited to, age, cholesterol, 

resting BP, fasting glucose, BMI, ADS, cardiovascular fitness at baseline overall and 

then stratified by whether the participant had completed the study.  Then we complete 

comparative analysis for participants who completed the program versus those who did 

not by constructing multiple linear regression models with interaction terms.  We 

constructed models looking at demographic, physiological, and psychological measures 

separately.   

 

2.2.2 Drop-out analysis 

Motivated by previously performed drop-out analysis, we treat drop-out as an outcome 

and complete a simple analysis of drop-out.4,14,22,23  We investigate whether the event of 
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dropping out of the study is significantly associated with demographic characteristics 

(age, annual income, marital status, household size, etc.), physiological characteristics 

(BMI, diabetes, cardiovascular fitness etc.), or psychological characteristics (EBBS, 

JHP, and other scales).  Our primary means of analysis will be a logistic regression of 

dropout on the independent variables comprising the measures listed above.  We will 

additionally calculate descriptive statistics on important measures by drop-out. 

 

2.2.3 Imputation 

We simulate data using information from our actual data.  For all subjects N=250 we 

simulate data for Y1, Y2, Y3, and Y4 to represent ADS from week one through week four.  

Given the characteristics of our data we find that our data fits MAR.  We will utilize 

information from our drop-out analysis and select one factor related to drop-out.  We 

will extend our assumption, for the purposes of our simulation, that this variable is also 

related to not reporting ADS.  Then we will vary the amount of missingness utilizing 

this fact.    

Consider marital status as the variable that we will utilize. In addition to Yi values each 

subject will also have marital status.  If married women are more likely to not report 

ADS we will give them a higher probability of missing data than the other participants.  

We will accomplish this by randomly generating a number from the uniform 

distribution from (0, 1) for each observation.  If we would like 10% missing observations 

getting a value from 0 to 0.10 will be deleted. 
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We will vary the amount of missingness (10%, 15%, 20%, and 25%) compare the 

effectiveness of different imputation methods Avg, Prev, Post, LaN, LVCF, and NVCB 

utilizing bias and proportionate variance. 
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We define  as the imputed value, y is is the actual value, and m is the number of 

missing values.  A positive bias indicates underestimated imputed values.  PV is the 

proportionate variance.  It is a ratio of the observed variance to the true various used to 

assess under dispersion.  When the PV=1 the variance of the imputed values is equal to 

the true values.  A PV value of less than one indicates underestimation.  We compute  

these values for each participant and find the mean across all participants. 

ŷ

2.2.4 Analysis on Complete Data 

We complete the analysis on the 83=N  participants who completed the program. 

Although these results are biased and are not accurate study results, they serve as a 

comparison for our participants who did not complete the program.  We will calculate 

descriptive statistics including, but not limited to, age, cholesterol, resting BP, fasting 

glucose, BMI, ADS, cardiovascular fitness at baseline and EOS.  We will attempt to 

determine if a significant proportion of the variance in ADS will be accounted for by 

measures of perceived barriers, perceived benefits, perceived stress, environmental 

stressors, stress coping factors, personality factors, chronological age, and internalized.  
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 Second we will investigate whether a significant proportion of the variance in 

improvement in ADS will be accounted for by change in perceived barriers, perceived 

stress, and self-efficacy compared to base ADS.  We will evaluate this hypothesis using 

several different analytical strategies.  Lastly, we will investigate if a significant 

proportion of the variance in improvement in fitness will be accounted for by change in 

ADS compared to baseline cardiovascular fitness.    

3. Results 

3.1 Study population 

Our study population is composed of primarily African-American women (88.57%) that 

work at Grady Memorial Hospital whose average age is 38.  The average size of 

household is 3 and most annual household incomes range from $21,000-80,000 for 

59.96% of the women.  The majority of the women are non-smokers (88.81%) and 

81.46% are not heavy drinkers (only drink occasionally or drink less than once a week).  

The average weight is 198.34 lbs and average height 64.74 in (almost 5’5”).  The 93.93% 

of the women work full time (>36 hours a week).  Table 1 displays demographic 

characteristics stratified by whether participants completed the program.  We find these 

results to be similar to the average for the entire study population.  We find differences 

in age, weight, and household size. 
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Table 1.  Demographic Characteristics Stratified by Completion 

 
 
Variable  

Non -Completers  
Mean  (±SD) 
N =209 

Completers  
Mean  (±SD) 
N=270 

Age 35.92 (8.57) 40.27 (7.99) 
Weight  (lbs) 195.09 (48.91) 199.63 (52.31) 
Heigh t  (in ) 64.64 (3.06) 64.75 (2.72) 
Idea l Weight  (lbs) 152.14 (24.91) 151.19 (21.80) 
Household Size 2.88 (1.76) 3.21 (2.13) 
Number  of Children 1.04 (1.16) 1.06 (1.19) 

  

*These measurements taken at intake were self reported 

There’s a low percentage of women in the study that have been diagnosed with heart 

disease or stroke (<1%), however 6.91% have had a father or brother with MI and 7.29% 

have had a mother with MI.  An overwhelming 5.71% have diabetes and 5.67% of them 

treat with medicine, 23.89% have hypertension and 22.67 treat with medicine, 13.82% 

diagnosed with high cholesterol of 4.88% of them treat with medicine, 18.85% are 

medically considered as obese. 

Most of the women are unhappy with their current weight (92.21%) and have tried to 

lose weight previously 91.53%. The majority (70.59%) have regained some or all of the 

weight they lost, once or more times-The average amount of weight lost was 28.28 lbs 

and average amount regained was 13 lbs.  The most common methods for weight loss 

were dieting alone (49.80%), exercising alone (49.00%), diet and exercise (76.89%), pills 

(39.84%) and frequently skipping meals (38.25%). Atkins (26.69%) and SlimFast 

(35.86%) were the most popular diets that participants had tried. Weight watchers 

(27.89%) and Jenny Craig (8.76%) were the most popular formal weight loss programs 

that participants had enrolled in before.  
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Only 27.46% of participants currently exercised regularly.  37.76% walk 1-2 days a 

week, 47.20% do aerobics 1-2 days a week, and 38.40% use exercise machines 1-2 days a 

week.  Most common reasons for exercising were to lose weight (44.80%) and stay 

healthy (41.20%).  The reasons stated for not exercising: not having enough time 

(39.60%), too tired (40%), and have to take care of family (20.40%). 

 

3.2 Physiological Measures 

Several physiological measures were taken at baseline.  Table 3 displays some of the 

physiological variables measured stratified by whether participants had completed the 

program.  Participants who dropped out or were lost to follow-up on average had higher 

average daily steps (ADS) 7281 versus 6156.  BMI tended to be less for non-completers 

(32.79) than completers (33.32).  Total cholesterol was slightly higher in completers 

(179.04) than non-completers (176.32).  Glucose is very similar in both groups.  METs 

are similar as well with completers being slightly higher (7.61) than non-completers 

(7.53). 

        Table 2.  Physiological Measures Stratified by Completion 

 
 
Variable  

Non -Comple ters  
Mean  (±SD) 
N =209 

Completers  
Mean  (±SD) 
N =270 

ADS 7281.91 (3391.75) 6155.88 (2196.35) 
BMI 32.79 (7.54) 33.32 (8.24) 
Tota l Cholesterol 176.32 (32.60) 179.04 (33.62) 
Glucose 95.83 (24.89) 94.07 (22.05) 
METS 7.53 (1.54) 7.61 (1.68) 
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3.3 Psychological measures  

Several psychological measures taken on the participants were similar in average 

regardless of whether participants had completed the program.  A couple of noted 

differences were in life changes.  On average non-completers had a higher score for the 

life changes scale, 1.99 versus 1.62.  Also for DR Index non-completers averaged a score 

of 3.04 while completers averaged a score of 2.06.  For the JHP sub-scale common 

elements there was a difference in scores.  Non-completers score 5.9 on average while 

completers scored higher at 6.16. 

Table 3. Psychological Measures Stratified by Completion 

 
 
Variable  

Non -Comple ters
Mean  (±SD) 
N =206 

Completers
Mean  (±SD)
N =137 

EBBS   
     Benefit s to Exercise 52.00 (12.27) 52.42 (15.08) 
     Bar r ier s to Exercise 27.35 (7.07) 27.56 (6.27) 
     Exercise Confidence 3.77 (0.77) 3.84 (0.71) 
Br ief Symptom Inventory   
     Somat izat ion  Sub-Scale 7.31 (1.98) 7.14 (1.75) 
     Depression Sub-Scale 7.93 (2.70) 7.85 (3.15) 
     Anxiety Sub-Scale 7.99 (2.88) 7.53 (2.31) 
J HP   
     Workplace 3.66 (0.63) 3.68 (0.63) 
      Common Elements 5.90 (1.05) 6.16 (1.04) 
DR Index 3.04 (0.27) 2.06 (0.26)  
Life Changes 1.99 (1.77) 1.62 (1.73) 
Weight  Efficacy 3.60 (0.65) 3.46 (0.71) 

  

3.4 Comparative Analysis  

Several models were constructed to compare women who completed the program to 

women who did not at baseline.  We attempted to construct models looking at 

demographic, physiological, and psychological measures.  The first two models are 
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concerning demographic information.  In the first model we look at whether a 

participant completed the program and the hours worked.  Overall, F=4.88 p=0.003, 

r2=0.06.  We find that based on the model, on average, ADS is lower for women who did 

not complete the program and this value is even lower as the number of hours that the 

participant works increases.   

 

Table 4. Model Results:  ADS and Hours Worked with Interaction 

Variable  P aram eter Es t SE t-valu e  p-va lu e  
In tercept  7770.06 1537.71 5.05 <0.001 
Remove -3503.09 2363.56 -1.48 0.140 
Hours Worked -364.59 341.33 -1.07 0.287 
Hours Worked * Remove 1053.20 528.86 1.99 0.048 

  

We also look at age and whether a woman completed the program.  Overall we find, 

F=6.85, p<0.001, r2=0.08.  Older women tended to have slightly higher ADS.  However, 

of women that did not complete the program, the older a woman was would result in a 

lower average ADS. 

Table 5.  Model Results:  ADS and Age with Interaction 

Variable  P aram eter Es t SE t-va lue  p-valu e  
In tercept  5893.54 1142.98 5.16 <0.001 
Remove 4880.92 1671.69 2.92 0.004 
Age 4.19 28.06 0.15 0.881 
Age * Remove -100.53 42.95 -2.34 0.020 

  

We did not find any significant models for psychological measures.    For physiological 

measures we construct two models.  In the first model with weight as one of the 

parameters of interest, we find that participants who weigh more have slightly lower 

average ADS, looking at the interaction term we find that of the women that did not 
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complete the program this is further decreased.  Overall we found for this model, 

F=10.50, p<0.001, r2=0.13. 

 

Table 6.  Model Results: ADS and Weight with Interaction 

Variable  P aram eter Es t SE t-valu e  p-valu e  
In tercept  6765.20 820.34 8.25 <0.001 
Remove 5951.00 1752.16 3.40 0.001 
Weight  -3.13 4.02 -0.78 0.437 
Weight* Remove -21.54 8.77 -2.46 0.015 

  

With BMI we find similar results.  Overall, F=8.64, p<0.001, r2=0.10.  The model reflects 

that ADS is lower on average for women with lower BMI. 

 

Table 7.  Model results: ADS and BMI with Interaction  

Variable  P aram eter Es t SE t-va lue  p-valu e  
In tercept  6640.72 904.80 7.34 <0.001 
Remove 5602.74 1549.00 3.62 <0.001 
BMI -13.69 26.47 -0.52 0.605 
BMI* Remove -138.28 45.75 -3.02 0.003 

  

3.5 Complete Analysis 

Our complete analysis is the equivalent of analysis with listwise deletion and is a way 

to just view the results when considering women who did complete the program.  This 

will serve as a way to compare completers to non-completers.  This analysis was 

completed on the N=83 participants who completed the program (i.e. were not removed).  

First, we construct an OLS model to determine if a portion of the variance in baseline 

ADS could be accounted for by psychological measures.  We find that baseline ADS was 
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statistically significantly associated with Benefit to Exercise Score, Anger Expression 

Score, and JHP Common Score.  The model had r2=0.07, which is extremely low. 

 

 

Table 8.  Complete Model Results for ADS, N=83 

Variable  P aram eter Est SE t-va lu e  p-va lu e  
In tercept  7679.18 2034.84 3.77 <0.001 
Benefit  to Exercise  -24.47 13.97 -1.75 0.083 
Anger  Expression  -78.80 50.55 -1.56 0.123 
J HP Common  266.55 234.61 1.14 0.259 

  

Next, we construct a GLM to determine if the proportion of variance in improvement in 

ADS could be accounted for by baseline ADS and psychological measures.  We find that 

it is statistically significantly associated with Baseline ADS, Anger Expression, Weight 

Efficiency, Life Changes, BSI: Somatization Scale and Exercise Confidence.  Overall 

r2=0.23, F=30.60, and p<0.0001. 

Table 9.  Complete Model Results for Improvement in ADS, N=83 

Variable  F-valu e  P -value  
Baseline ADS 148.22 <0.001 
Anger  Expression  14.86 <0.001 
Weight  Efficiency 7.38 0.007 
Life Changes 5.50 0.019 
BSI: Somat iza t ion  Scale 4.33 0.038 
Exercise Confidence 3.28 0.071 

  

We construct another GLM adding in change in psychological measures from baseline to 

end of study.  We find that a proportion of variance in ADS is accounted for by baseline 

ADS, Change in Barriers to Exercise and Change in Total EBBS.  Overall,  r2=0.20, 

F=35.83, and  p<0.0001. 
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Table 10.  Complete Model Results for Improvement in ADS with Psychological Measures, N=83 

Variable  F-valu e  P -valu e   
Baseline ADS 94.16 <0.001  
Change in  Bar r ier s to Exercise 6.77 0.010  
Change in  Tota l EBBS 6.54 0.011  

  

We construct an ANOVA to determine if variation in change in cardiovascular fitness 

can be accounted for by change in ADS.  The results were that a difference in 

cardiovascular fitness is significantly associated with change in ADS, F=11.6, p<0.0001. 

 

3.6 Drop-Out Analysis 

We investigate whether the act of dropping out of the study was associated with 

demographic characteristics or psychological characteristics by performing logistic 

regression with dropping out as the event of interest.  The first model looks at 

demographic characteristics.  We find that marital status, household size, annual 

income, age, diabetes, and current weight satisfaction are statistically significantly 

associated with drop-out.  A couple of interesting results to point out from the resulting 

Odds Ratios (OR) listed below are those of Marital Status with an OR of 1.42 and 

having diabetes with a corresponding OR of 3.53. 

Table 11.  Dropout Analysis, Demographic Characteristics 
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Variable  OR 95% CI p-va lu e  
Marita l Sta tus 1.42 (1.19,1.69) < 0.01 
Household Size 0.88 (0.79,0.97)   0.01 
Annual Income 0.86 (0.76,0.98)   0.02 
Age 0.92 (0.89,0.95) < 0.01 
Diabetes 3.53 (1.50,8.30) < 0.01 
Cur ren t  Weigh t  Sa t isfact ion 0.23 (0.10,0.54) < 0.01 

  

Next, we investigate whether dropping out was associated with psychological 

characteristics.  We find that drop out was statistically significantly associated with 

EBBS Total, JHP Total, Anger Expression (hold in), and Anger Expression (lash out).  

The corresponding OR are listed in the table below. 

 

Table 12.  Dropout analysis, Psychological Characteristics 

Variable  OR 95% CI p-va lu e  
EBBS Tota l 0.99 (0.90,1.00)    0.004 
J HP Tota l 0.33 (0.21,0.52) < 0.001 
Anger  Expression  (Hold in) 0.91 (0.87,0.96) < 0.001 
Anger  Expression  (Lash out ) 1.08 (1.03,1.15) < 0.001 

  

3.7 Imputation 

We compare the following simple imputation methods:  Avg, Prev, Post, LVCF, NVCB, 

and LaN.  To revisit the composition, we simulate data for N=250 subjects, allowing 

30% to represent married women, with the following assumptions as denoted in the 

table below: 

Tim e  P oin t Mean  SE 
Y1 7987.68 213.86 
Y2 8325.02 208.04 
Y3 8444.55 260.46 
Y4 8076.51 217.25 
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We simulate missing data using three scenarios, being influenced by the results from 

the drop-out analysis: 

1. Married Women experiencing 20% missing data, Other participants 10% 

2. Married Women experiencing 30% missing data, Other participants 15% 

3. Married Women experiencing 40% missing data, Other participants 20% 

Table 13 displays the results for the first scenario.  Given the large values that we start 

with we find that the bias for all methods is not extremely high.  Most values 

underestimate Y1-Y4.  The NVCB imputation method experiences the largest 

underestimation and overestimation.  LaN slightly underestimates values, however, it 

experiences the smallest bias.  We experience PV close to 1 for all methods for selected 

measures, which means the variance of our imputed values are close to the variance of our 

original data. 

Table 13.  Bias and PV by Imputation Method (Married Women 20% Missing, Other Participants 10%)∗

 
Tim e 

Avg 
Bias       P V 

P rev  
Bias       P V 

P ost  
Bias       P V 

LVCF 
Bias       P V 

NVCB 
Bias        P V 

LaN 
Bias        P V 

Y1 -289.12 0.43 - - -283.68 0.44 - - -352.42 0.50 - - 
Y2 163.39 0.73 309.05 0.96 61.21 0.81 309.05 0.99 -89.76 1.00 89.86 0.84 
Y3 317.84 0.37 290.44 0.39 318.47 0.42 163.84 0.55 318.47 0.43 194.06 0.43 
Y4 -160.44 0.71 -156.07 0.73 - - -329.27 0.92 - - - - 

  

The results from the second scenario are detailed in Table 14.  As the proportion of 

missingness increases we notice comparable results.  The bias for all methods is still 

relatively small.  Now we experience the highest and lowest bias for LVCF and NVCB.   We 

                                                            

∗ Values not included could not be computed (i.e. no previous values for Y1) 
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notice high PV in all methods except Avg.   

 

Table 14.  Bias and PV by Imputation Method (Married Women 30% Missing, Other Participants 

15%)‡

 
Tim e 

Avg 
Bias       P V 

P rev  
Bias       P V 

P ost  
Bias       P V 

LVCF 
Bias       P V 

NVCB 
Bias        P V 

LaN 
Bias        P V 

Y1 -289.34 0.36 - - -283.86 0.38 - - -336.41 0.44 - - 
Y2 147.78 0.64 245.39 0.95 77.69 0.72 245.39 0.98 -62.24 0.98 67.92 0.86 
Y3 296.23 0.36 250.57 0.40 300.86 0.52 128.48 0.55 300.86 0.54 173.99 0.53 
Y4 -186.17 0.60 -183.09 0.62 - - -346.89 0.80 - - - - 

  

Table 15 displays the results from the third scenario.  As missingness is further increased 

we still see relatively comparable results.  The bias for all methods tends to be small taking 

into account our starting values.  All methods excluding Avg and LaN experience relatively 

high PV values.  NVCB and LVCF contains highest bias values.   

Table15. Bias and PV by Imputation Method (Married Women 40% Missing, Other Participants 20%)§

 
Tim e 

Avg 
Bias       P V 

P rev  
Bias       P V 

P ost 
Bias       P V 

LVCF 
Bias       P V 

NVCB 
Bias        P V 

LaN 
Bias        P V 

Y1 -265.77 0.25 - - -259.28 0.27 - - -309.17 0.33 - - 
Y2 124.17 0.50 213.69 0.70 48.21 0.58 213.69 0.48 -51.79 0.77 56.16 0.64 
Y3 279.61 0.27 227.98 0.31 240.98 0.42 139.07 0.74 240.98 0.45 123.40 0.44 
Y4 -167.95 0.44 -162.43 0.47 - -0.79 -289.67 0.42 - - - - 

  

We additionally construct graphs displaying 95% CI of the bias.  We only utilize one time 

point, Y2, for simplicity.  We utilize Y2 since it is one value that can be compared across all 

methods.  We could have also utilized Y3 for this reason.  We Y2 chose arbitrarily.   We 

                                                            

‡ Values not included could not be computed (i.e. no previous values for Y1) 

§ Values not included could not be computed (i.e. no previous values for Y1) 
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assume that results are comparable for other time points given table results, and merely 

wish to compare visually the possible range of the bias. 

Figure 1 displays the 95% CI intervals for the bias given the first scenario with 20% 

missing for married women and 10% missing for other participants. Figure 2 displays the 

95% CI intervals for the bias given the first scenario with 30% missing for married women 

and 15% missing for other participants. Lastly, Figure 3 displays the 95% CI intervals for 

the bias given the first scenario with 40% missing for married women and 20% missing for 

other participants. 

 

By visually analyzing Figure 1 we see that LaN, Post, and NVCB appear to be the best 

methods.  For each method we see that the variance is not high.  For Post and LaN we see 

that these two methods slightly underestimate the Y2.  For NVCB, this method slightly 

overestimates Y2. 

Figure 1.  95% CI for Bias of Y2 with Different Imputation Methods 
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With Figure 2 we see that LaN clearly outperforms all other methods.  We note that 

Prev and LVCF seem to be the least reliable methods with the large amount of variance 

in the imputed values.   

 

 

 

 

 

 

 

 

Figure 2.  95% CI for Bias of Y2 with Different Imputation Methods 
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Figure 3 further supports LaN as the preferred method.  It clearly outperforms all other 

methods.  As the amount of missingness increases we see that the other methods Avg, Prev, 
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Post, LVCF, and NVCB perform worse.  Figure 3 displays the worst performance for Avg, 

Post, and NVCB.  Prev and LVCF do not perform well for any of the scenarios. 

Figure 3.  95% CI for Bias of Y2 with Different Imputation Methods 
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4. Discussion 

From our analysis we are able to capture a large amount of information regarding the 

differences at baseline for participants who completed the program and those who did not.  

Additionally, by completing dropout analysis we gain more meaningful information 

regarding which subsets of the study population that were more likely to dropout of the 

study.   

Hours worked, age, and weight were significantly associated with baseline ADS as well as 

the interaction between these measures and whether a person completed the program.  We 

find that women who worked longer hours had lower ADS, younger women had lower ADS, 

and women who weighed less had lower ADS.  This could be indicative of older women who 

had time being more concerned about their health and thus participating more.  The 
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average age for completers was 40 verses non-completers at 36.  The average weight for 

completers was 200 and for non-completers 195.   

From drop-out analysis we find that one factor that was highly associated with drop-out 

was marital status.  Thus, the different lifestyles and characteristics of our study 

participants were found to be associated with their respective initial activity levels and 

associated with whether they completed the program. 

By utilizing this information we were able to simulate the data in a fairly realistic manner 

and apply missing data using an MAR format.  We chose to use marital status as a variable 

that we would control for with missingness.  The results support the effectiveness of simple 

imputation methods to deal with missing data of a MAR format.  We find that the most 

effective imputation method was LaN, followed by Post. It should be revisited, however, 

that as seen with the tables produced, neither LaN nor Post can replace every missing 

value.  This is not considered a major drawback since both methods will still result in a 

dataset that is more complete.  It would be unrealistic to have a dataset with absolutely no 

missing data. 

Additionally, we find that the other methods with the exclusion of Prev and LVCF 

performed fairly well as missingness increased.  All the methods result in bias 

measurements of 100-200 on average.  Given the fact that Y1-Y4 measurements range from 

7,000-8000 these are relatively small bias values.  Prev and LVCF also fall in this range.  

However, Prev and LVCF are less reliable due to the very large CI.  With looking at PV 

there were several PV values of 0.60 or greater, indicating very similar variances of the 

imputed data to the true values.  Ultimately, we find that certain simple imputation 
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methods were very reliable when dealing with missing data of MAR format.  Data imputed 

by utilizing the best methods would lead to more accurate results.   
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