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Abstract

Missing data has been posing a common problem to almost all scientific stud-

ies over the last decades. This study compares multivariate models to univariate

models - the change score method and the regressor variable method - in terms of

precision and accuracy over different conditions of missing data. In two simulation

studies patterns of missing data were introduced, over degrees of missingness and

covariance for pre-test post-test designs. The first study focuses on the MCAR pat-

tern and its influence on the estimates of the different models. The second model

makes use of a MAR pattern, where the likelihood of missing values is dependent

on an observed variable. The results showed some differences between the models.

The change score method appeared to have no particular advantages, the regressor

variable method had the highest accuracy, while the multivariate method provided

the best precision. Higher amounts of missing data had a negative impact on both

accuracy and precision.
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1 Introduction

Scholars all over the world from different sciences are using statistical models to evaluate

and analyze their data. Making claims regarding the causality of something typically

requires data from before and after the event supposedly causing the change, while being

able to compare that information to data from conditions not exposed to the event.

Adding a control group is necessary for the researcher to study the influence of the

variable on a carefully controlled sample. A pre-test post-test design is widely used in

different fields to generate data. In more practical fields like medicine or education, it is

oftentimes ethically impossible to add a control to an experimental group. It would be

questionable to withhold a possible treatment to half of the patients or a better education

technique to half a school. Therefore, the design known as a quasi-experimental design is

often lacking in validity due to its constraints. Due to its enforced popularity, different

methods have emerged making the analysis of such a study design possible. The event

supposedly causing the change shall be referred to as the treatment for the remainder of

the paper, its effect accordingly being the treatment effect.

1.1 Univariate Methods

Two different univariate methods appear to empower the researcher’s evaluation of hy-

potheses, the change score method (CS) and the regressor variable method (RV). While

controversially discussed, it appears that both methods have their place in the scientific

literature (Allison, 1990).

1.1.1 Change Score Method

This method uses the difference in scores between pre- and post-test as the treatment

effect. Hereby, the score on the pre-test will serve as baseline, ergo the individual’s score

before the treatment took place. Accordingly, the relative difference between pre- and

post-test will become relevant. The model can be expressed in a regression equation as

follows:

(Y2ij − Y1ij) = β0 + δTij + εij, εij ∼ N(0, σ2)

In this case Y2ij represents person i ’s score in group j on the post-test, while person i ’s

score from group j on the pre-test is represented by Y1ij . (Y2ij − Y1ij) accordingly can

be considered the range of the difference from pre-test to post-test, or the measurement

of change from the baseline for person i in group j. Tij is the assignment of person i to

group j, indicating the presence (1) or absence of treatment (0), with εij being the error

that cannot be regulated. This error is assumed to be normally distributed, with mean
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0 and variance σ2.

1.1.2 Regressor Variable Method

This second method uses the scores on the pre-test as a covariate for analysis. This model

can be expressed in:

Y2ij = β0 + δTij + β1Y1ij = εij, εij ∼ N(0, σ2)

Y2ij hereby represents the score of person i from group j on the post-test, Y1ij on the

other hand person i ’s score from group j on the pre-test. Tij is again considered to be

the indiciator of belonging to a treatment or control group for person i of group j, εij

again representing the error that cannot be accounted for.

1.2 Multivariate Method

Lastly, there is the multivariate method (MV) that can be used in scenarios described

above.

Y1ij = β01 + ε1ij (1)

Y2ij = β02 + δTij + ε2ij (2)(
ε1ij

ε2ij

)
∼MVN(0,Σ),Σ =

(
σ2, ρ

ρ, σ2

)
(3)

Considering the MV method, both pre- and post-test scores would be treated as

dependent variables. Y1ij and Y2ij , similarly to the previously mentioned models, represent

the scores of person i from group j on the pre- and the post-test, while Tij indicates the

presence or absence of treatment. However, the uncontrolled errors ε1ij and ε2ij are

assumed to be normally distributed, centering around 0 with a variance of Σ.

Each of the three methods has advantages and shortcomings, depending on different

scenarios. Kleine-Bardenhorst demonstrated in simulation studies, that the methods

give partially similar results (2017). The RV method and the MV method appeared to

be posing as equally viable methods for data analysis, while the CS method led to less

reliable results.

1.3 Missing Data

However, researchers often encounter problems of missing data, resulting in a questionable

validity. Rubin (1976) highlighted the different problems, examining multiple possible
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sources of missing data and their implications on the studies’ results. Missing data

remained an issue to researchers from all scientific fields, numerous scholars tried to

analyze this issue and find possible solutions throughout the years. In 2002, Schafer and

Graham described different patterns of nonresponse and distributions of missing data,

they emphasize the fact that current methods are unable to fully resolve the issue.

Missing data is problematic, since many statistical methods presume complete data

with no missing values. Few missing values in the participant’s observations can quickly

lead to a strongly diminished data pool. This can lead to biased results, lower statistical

power and less accurate p-values and confidence intervals, highlighting the need for viable

methods to handle missing data. The amount of missing data in a data set is also known

as its missingness.

1.3.1 Methods of Missing Data

However, its important to keep in mind, that differences between kinds of missing data

have to be made. There are three different assumptions regarding mechanisms of missing

data, originally made by Rubin (1976).

(a) Missing Completely at Random (MCAR)

The missing values of a variable Y will be considered MCAR, if the probability of missing

values is unrelated to the variable Y and all other variables from the data set. This means

that the value of any of the variables may not be correlated to the likelihood of missing

a value of the variable Y. None of the observed or unobserved values of any variable in

the model of interest may influence the distribution of missing data (Allison, 2001).

(b) Missing at Random (MAR)

Missing values of a variable Y may be considered to be MAR, if the likelihood of missing

these values is only directly related to observed values. Values of Y, X or any other

variable may be influential on the probability of data missing, as long as they are known

and can be controlled for. MAR is a similar, but stronger assumption of MCAR (Allison,

2001).

(c) Missing Not at Random (MNAR)

If the missing values of variable Y are to be considered MNAR, they have to depend on

values that could not have been observed. This means, that the values that are missing,

are correlated to their own (unobserved) values. Basically, whenever the conditions for

MCAR or MAR are violated, the missing values have to be treated as MNAR. The

problematic factor of MNAR is its untestability, one may assume data to be M(C)AR,
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but whether the unobserved values play a role can never be inferred from available data

- per definition. (Allison, 2001)

1.3.2 Working with Missing Data

Complete Case Analysis

Currently, various methods are being used to work around missing data, traditional

and advanced (Soley-Buri, 2013). However, almost all of these methods come down to

three key mechanisms. Firstly, there is the complete case analysis (CCA). CCA is an

elimination technique. When a researcher chooses to use CCA, he/she eliminates all

incomplete cases. This can mean that, from a big participant pool, the data of those will

be removed where data on pre-test, post-test or both is missing. However, this technique

is highly limited. Should the missing data not be MCAR, the results of the study would

likely be strongly biased.

Data Imputation

Secondly, there is the mechanism of data imputation. Methods making use of data

imputation try to substitute the missing data by means of reasonable guessing. Different

techniques exist, offering the opportunity to enrich the data pool. The researcher can use

the mean of the relevant variable-score or compute conditional means using regression.

This method is believed to handle non-random missing values better than CCA, while

it still inhibits validity. Its quality is strongly dependent of the quality of imputation

method. This imputation method cannot be validated for obvious reasons, as the bias

between missing and replacement value can never be known. This technique generally

leads to an underestimation of standard errors and accordingly an overestimation of test

statistics. Since the data is computed using a model applied to the data, it cannot contain

any error.

Observed Case Analysis

Lastly, observed case analysis (OCA) can be used. OCA is a technique using neither

elimination or imputation of values. Instead, using regression models, all present cases

will be used. A detailed description of this process will follow in a later section.

2 Experiment

A quantitative simulation study, concerning the differences between the different methods

when analyzing data, should be helpful to advance our understanding of both missing

data and the analysis of it. A simulation approach should prove beneficial, it offers various
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advantages over the usage of real datasets. Simulating data firstly gives the researcher

the option to manipulate the values however necessary. Covariances between pre-test and

post-test values, the size of samples, the amount of drop-outs/missing data only scratch

the surface of the possibilities. Data from the field typically does not offer these benefits,

the researcher can only work with whatever the nature offers.

Therefore, data according to a onegroup pre-test post-test design will be simulated.

Using programs for statistical coding and analysis, values are removed as desired by the

researchers, to create a dataset containing missing data. Accordingly, datasets with and

without missing data along varying conditions will be analyzed using the two univariate

methods, as well as the MV method. The two univariate methods will directly analyze

the data, using the standard of CCA. For the MV method on the other hand, a model

is created, using Markov chain Monte Carlo methods (MCMC) to estimate the param-

eters. These allow for the data containing missing values to be analyzed under OCA.

Accordingly, the MV method is expected to handle those datasets better and result in

more accurate estimations.

Consequently, a research question is formulated:

”To what extent does the MV method offer more precise and accurate

estimators of coefficients, compared to the univariate methods in different

missing data scenarios?”

3 Methods

In order to reliably test the univariate methods against the MV methods, data has been

simulated under varying conditions. The conditions were predefined in so far, that it was

decided to manipulate the covariances of values between pre-test and post-test as well

as the sample size. The sample size differed from pre-test and post-test, while the full

data sets contained full samples, the incomplete data sets had varying amounts of missing

values on pre-test and/or post-test. The specifics of these conditions were worked out

”on the go”, depending on the results from the previous data sets. Generally, the aim

was to provide a broad picture of how the different methods behave when exposed to

the different conditions. Two slightly different versions of simulation studies were done.

Firstly, data was simulated with values missing in a MCAR pattern. A second version of

data simulation was done, according to a MAR pattern. For this second study, the values

of scores on an observed post-test variable is linked to their missingness, with higher

values being less likely to occur than lower values. However, the models of the univariate
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and MV methods would remain the same for both versions.

MCAR simulation study

Under all conditions the process was replicated 100 times, resulting in 100 different data

sets with equal covariance and amount of missing data. For all data sets under all

conditions, the RV model, the CS model, and lastly the MV model were fitted. The

estimated treatment effect, standard deviations and variance of residuals were stored.

Additionally, the 100 data sets per condition were stored as well. Also the variance of the

differences of residuals between MV model and RV model or CS model were stored. The

estimated variance of the residuals (sigma), of each of the different models was stored.

Lastly, the calculated covariance (tau) of the MV method was stored.

For each replication, an overall sample size of n = 500 was used, however this number

would deviate for the pre-test (n1) or post-test (n2), depending on the condition. The

intercept and treatment effect varied over each replication under all conditions. In order

to compare the estimations, the bias, mean square error (MSE), and standard error of

the estimate were calculated.

For the MCAR simulation study, a total of 20 different conditions has been simulated,

arranged in a 5x4 grid - see Table 1. Datasets with the covariances .75, .50, .25, and .10

were generated, alongside sample sizes of n1 = 350 n2 = 380, n1 = 450 n2 = 290, n1 = 500

n2 = 100, and n1 = 250 n2 = 500, with a complete set of n1 = n2 = 500. These conditions

were chosen to offer a broad view of how amount of missing data and varying covariance

can affect the reliability of the different measurement techniques.

MAR simulation study

Again, the process was replicated 100 times for all conditions, resulting in 100 different

data sets with equal covariance and amount of missing data per condition, fitting the

three models to all data sets. The same data was stored for all conditions as in the

MCAR version of the simulation study. After evaluation of the two versions apart, they

are to be compared to see whether the differences in patterns influence the method’s

behaviour differently.

For each replication, an overall sample size of n = 500 was used, for this version,

only the missingness on the n2 was manipulated. The intercept and treatment effect

still varied over each replication under all conditions. To compare the three method’s

estimates, bias, MSE, and standard error of the estimate were used again.

In the MAR simulation study, 12 different conditions were simulated, arranged in a

3x4 grid as in Table 2. The covariances .10, .40 and .70 were simulated. The n1 for all

conditions were set to 500, while the amount of observations ranged from n2 = 100 to
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n2 = 400 in steps of a hundred. These conditions are supposed to offer a broad view on

how the MAR pattern of missingness affects the behaviour of the methods on different

numbers of missing values, over varying covariances.

3.1 Materials

The statistical programming language R provided the best tool to both simulate and

analyze the data. Furthermore, the packages ”car”, ”MASS”, and ”sampling” were used.

For all conditions, the amount of coefficients on pre-test and post-test as well as of the

common coefficients remained the same. Data was simulated with one predictor at the

pre-test, two at the post-test and one common predictor - the intercept. Accordingly, the

models were developed. In order to simulate the data, full data sets of 500 observations on

the pre- and on the post-test were created. For the conditions of missing values on either

side, certain amounts of values would be removed afterwards - along random patterns

for the MCAR simulation study and based on their own value for the MAR simulation

study.

The accuracy of an estimation describes the estimator’s performance, characterized as

the overall difference between the estimated values and the true values (Walther & Moore,

2005). To evaluate the overall accuracy, the MSE is used. The MSE is the mean of

squared differences, representing the proximity of estimates and true values, calculated

with MSE = 1
n

∑n
j=1(Ej − Aj)

2. Ej here representing the estimated coefficient and

Aj the true value of sample j. Precision on the other hand is not related to the true

values of a sample, typically defined as the absence of random error (Walther & Moore,

2005). Therefore precision descibes the variability or spread of values surrounding their

own mean, high precision is equal to a low variability. The precision of an estimator is

often evaluated using the standard error of the estimate, also known as the estimator’s

standard deviation (SD). It is calculated using the formula SD =
√

1
n

∑n
j=1(Ej − Ē)2

and indicates how widespread the estimates are around the sample mean. Ē indicating the

mean coefficient-estimate. Lastly, bias is regarded as the distance between the sample

mean and the true value (Walther & Moore, 2005). To measure the bias, the mean

error (ME) is calculated, using the formula ME = 1
n

∑n
j=1(Ej − Aj). It represents the

mean of all differences between the true and the estimated values, accordingly indicating

whether values were consistently over- or underestimated for each model. The MSE,

while regarded as a measure of overall accuracy, borrows concepts of both precision and

bias, as it is equal to the variance of estimates (closely related to SD) plus the squared

ME (Casella & Berger, 1990).

Scholars have a tendency to see unbiased estimators as more desirable, bias appears

to carry a negative connotation with it. However, it is important to keep in mind, that
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an unbiased estimator does not necessarily lead to more accurate results. An unbiased

estimator can only be seen as more accurate, if its estimates are reasonably precise. It

is possible and not uncommon that a method may lead to slightly biased results on one

hand, but on the other hand shows widespread and accordingly imprecise estimates. In

order for a method to work as a truly accurate estimator, it needs to show both no bias

and precision in its results.

Models

Firstly, the RV model was fitted to the data, leading to the model:

Y2ij = β0 + β1T
∗
1ij

+ β2T
∗
2ij

+ β3Y1ij + εij, εij ∼ N(0, σ2)

With T ∗1ij indicating the presence of treatment effect nr 1 and T ∗2ij the presence of treat-

ment effect nr 2 in the post-test scores of person i belonging to group j. The treatment

effects change with every iteration, randomly sampled from a multivariate normal dis-

tribution. The RV method makes use of the pre-test score Y1ij by including it in the

regression equation model as a covariate.

Secondly, the CS method was fitted to the date, with the following model:

(Y2ij − Y1ij) = β0 + β1T
∗
1ij

+ β2T
∗
2ij

+ εij, εij ∼ N(0, σ2)

For the CS method, the Y1ij is not treated as a covariate, but included in the equation

on the lefthand side. Accordingly, the CS method evaluates the change from pre-test to

post-test.

Lastly, the MV model is given by:

Y1ij = β01 + β11T1ij + ε1ij (4)

Y2ij = β02 + β12T
∗
1ij

+ β22T
∗
2ij

+ ε2ij (5)(
ε1ij

ε2ij

)
∼MVN(0,Σ),Σ =

(
σ2, ρ

ρ, σ2

)
(6)

The error terms of ε1ij and ε2ij are correlated and normally distributed along a MV

distribution with a mean of 0 and covariance of Σ.

As previously mentioned, the MV method makes use of MCMC methods. The code

for the MCMC methods was run with 5,000 iterations per simulated dataset. Accord-

ingly, based on the 5,000 iterations, the method provides estimates of treatment effects,

variance, and covariance of parameters.
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4 Results

4.1 MCAR simulation study

The MCAR version of the simulation studies led to the results in Table 1. The condi-

tions of varying covariance and sample sizes on pre- and post-test influenced the data in

different ways. For all approaches the ME-values seemed to center around zero, with no

change ocurring based on the varying conditons.

The data suggests, that a rising covariance may lead to a rising MSE-value, especially

for the multi-variate approach. However, this is not apparent for all conditions, as seen in

Table 1. Furthermore, MSE-values generally seem lowest for the RV method, highest for

the CS method and between those for the MV one. However, that does not seem the case

for the conditions, of n1 = 250 and n2 = 500. Visualized in Figure 1, the MV method

leads to lower MSE-values than the RV method. The MSE-values of the respective

coefficient-estimates also seem to drop with lower amounts of missing data. Figure 2

shows that the lower the number of missing values, the more the MSE-value seems to

drop.
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Figure 1: MSE-values in the case of n1 < n2 (n1 = 250, n2 = 500; 1−Cov. = .1, 2−Cov. = .25, 3−Cov. =

.5, 4 − Cov. = 75)

Figure 2: MSE-values falling with less missing values (Cov. = .1; 1 − n2 = 100, 2 − n2 = 290, 3 − n3 =

380, 4 − n2 = 500)

Concerning the standard error of estimates, the simulation studies showed that the

varying covariance appears to be of no influence for the MV method and the CS method.

For the RV method, the SD-values seem to rise with a higher covariance. Generally, the

SD-values appear to differentiate between the three methods. However, for a high covari-

ance, the MV method leads to the lowest values, with the RV method leading to values

between those and the high values of the CS method. Figure 3 shows a representation

of that behaviour. This relationship appears to be consistent throughout all conditions.

Furthermore, it appears that the values of standard error of the estimates drop with more

complete sample sizes. As seen in Figure 3 as well, the lower the amount of missing data,

the lower the SD-value.
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Figure 3: SD-values of the three methods with falling missingness (Cov. = .1; 1 − n1 = 500, n2 =

100; 2 − n1 = 250, n2 = 500, 3 − n1 = 450, n2 = 290, 4 − n1 = 350, n2 = 380, 5 − n1 = 500, n2 = 500)

4.2 MAR simulation study

Similarly, the results of the MAR version of simulated data can be found in Table 2.

Generally, similar trends can be found in this second part of the study. Concerning

the measurement of ME, all values seemed to center around zero. However, it became

apparent that in the MAR simulation study a high amount of missingness, as in the

n2 = 100 condition, the ME-values fall systematically below zero. This behaviour was

noted for all three methods.

The influence of the covariance still seems to be ambiguous, but it becomes apparent

that a rising covariance leads to a rising MSE-value for the respective MV estimate and

less so for the univariate approaches, Figure 4 shows an example of this. The MSE-

values are lowest in the RV method and highest for the CS method, the MV MSE-values

lie in between those. Similarly to the MCAR version, in the MAR version the MSE-

values also tend to fall with less missingness. Furthermore, in figure 4 it appears, that

the MSE-values of the CS model drop with a rising covariance. However, this behaviour

can not be identified in all conditions or all CS-parameters. For example, in the same

condition (n1 = 500, n2 = 300) the MSE-values of the second coefficient estimate do not

drop, but rise with a higher covariance - see Table 2.

The standard error of estimates was not influenced by varying the covariance, for

the MV method and the CS method. The RV leads to higher SD-values with a rising

covariance, Figure 5 shows that relationship, similarly to the MCAR results. Just like

for the MCAR version, the MV method led to the lowest SD-values, the RV to higher

and the CS method to the highest values, as seen in Figures 5 and 6. Furthermore, the

SD-values seem related to the amount of missingness. The more missing values, the

higher the SD-values, for all methods respectively. See Figure 6 for an example of this.
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Figure 4: MSE-values of all three methods over the covariances (n1 = 500, n2 = 300; 1 − Cov. =

.1, 2 − Cov. = .4, 3 − Cov. = .7)

Figure 5: SD-values of all three methods over covariance (n1 = 500, n2 = 300; 1 −Cov. = .1, 2 −Cov. =

.4, 3 − Cov. = .7)

Figure 6: SD-values falling with less missing values over all three methods (Cov. = .4; 1 − n2 = 100, 2 −
n2 = 200, 3 − n3 = 300, 4 − n2 = 400)
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4.3 Comparing MCAR and MAR

Comparing the results of the MCAR version to the MAR version shows their similarities.

Introducing a MAR-pattern to the missing of values on the post-test appears to have

no big influence on the values received from all 3 methods. Comparing the n1 = 500,

n2 = 100, covariance=.1 conditions in the MAR and MCAR studies shows barely differing

values. Comparing the n1 = 500, n2 = 100, covariance=.75 condition of the MCAR

version to the similar n1 = 500, n2 = 100, covariance=.70 condition of the MAR version

shows that this behaviour appears consistent over the conditions.

5 Discussion

The two simulation studies resulted in some notable differences concerning the MV and

univariate methods. The ME-measurement was used in order to test, whether any of the

methods consistently under- or overestimate the coefficients. While this generally seemed

not to be the case, all methods appeared to slightly but systematically underestimate the

true value of the coefficients in the MAR study under the presence of a large missingness

paired with high covariance. The MAR conditions introduced a pattern of more likely

selection of lower scores to remain on the post-test. Accordingly, a distribution further

on the left-hand side of the Y-axis was available for analysis. The more values would be

missing from the data set, the bigger the impact on the distribution, moving it further

away toward the left-hand side from the true values. This effect appears to be accentuated

by the presence of a high covariance between the pre- and the post-test scores. Egbewale,

Lewis and Sim (2014) found similar results of less accurate results gained from analyses

of variance or CS, in the case of strong covariance.

In both versions of the test, a higher covariance between the pre- and the post-

test was associated with rising MSE-values, for the MV method more evident than for

the two univariate methods. The MSE-measurement was used to assess the methods

overall accuracy, as described above. A positive relationship of covariance and MSE

suggests that the accuracy of all methods is lower, the more strongly scores on pre- and

post-test correlate. Specifically, the MV method appears to lead to more widespread

estimates, influenced by that pattern. MV methods typically make use of information

from modelling a correlation of the error terms on both a pre- and the post-test, referring

to the model used for the two simulation studies. The MV method can therefore make

use of information from both of these measurement points. However, as the scores on

the two measurement points correlate more strongly, information gained from evaluating

both declines as it starts to overlap. Accordingly, the MV method has less information to

its disposal, random error increases leading to less accurate estimates. As the univariate
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methods only model a single error term per observation, higher or lower covariance should

have less influence on their estimations.

The MSE also appeared to be consistently lowest for the RV method, a bit higher

for the MV approach and highest for the CS method. This suggests, that the methods

accuracy can be evaluated in the same order; the RV method has the highest accuracy,

MV only medium and CS method the lowest accuracy. However, in the rare case that

the sample contains substantially more missing observations on the pre-test than on the

post-test, the MV approach leads to more accurate results. This is likely due to the

employment of MCMC methods. In the current literature, MCMC is widely used as a

tool for data imputation, specifically multiple imputation (Nakai & Ke, 2011; Takahashi,

2017; Rezvan, Lee, & Simpson, 2015). The advantage of filling gaps with the generated

pseudo-numbers, likely offers benefits in the condition of less observations on the pre-test.

As the univariate methods automatically make use of CCA, in cases of large missingness,

their estimations grow less accurate. While the employment of MCMC generally does not

improve the accuracy of estimates of the 100 data sets, it appears to lead to more accurate

results in the specific case of less observations on the pre-test than on the post-test.

In order to describe the precision of the three methods, the SD-measure was used.

Concerning the precision of estimating the coefficients, the MV-method clearly gave better

result. Overall, the estimates of the MV-method were most precise, estimates of the RV-

method less so and the estimates of the CS-method proved to be the least precise ones.

However, it is also important to note, that the RV-method was the only method to show

a positive relationship between the covariance and its precision. The more closely the

observations on the pre-test seemed to be related to the ones on the post-test, the less

precise the estimates seemed to become. The amount of missing data seemed to have

a negative effect on the precision of all used methods. The more values were missing

on an observation-timespot, the more imprecise the estimation of coefficients became.

This is a natural result of missing data. As less values are available for calculation, the

estimations will be more widespread surrounding the true value, for all used methods. The

introduction of a MAR-pattern to the missingness however, seemed to have no influence

on the precision of estimates, even for high amounts of missing values.

The standard error of estimates is relevant for the testing of treatment effects. The

higher the value of the standard error of estimates is, the more widespread are the esti-

mates around the sample mean. The standard deviation, which is crucial to the calcula-

tion of various test-statistics, is closely related to the standard error as σ ≈
√∑

(xi−x̄)2

n−1
.

σ here is used to estimate the standard error, using xi as an estimator over all datasets.

Models leading to higher SD-values accordingly lead to higher standard deviations as

well, which is used to assess the significance of group differences, correlational effects and
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most importantly - treatment effects. Confidence intervals or p-values are used most often

to assess a treatment effect’s statistical significance. Confidence intervals are computed

using the formula (x̄±z∗ σ√
n
), which means that the confidence interval will grow broader

with a rising standard deviation. Broader confidence intervals are more likely to contain

a zero, which would lead the researcher to evaluate the effect as non-significant. The

same would happen with p-values, which also rise with standard deviation. This means,

that the RV- and CS-methods, given the same data, would lead to an underestimation of

treatment effects and statistical significance. The MV-method on the other hand seems

less prone to that, as its more precise estimates.

6 Conclusion

The simulation studies showed, that both the MV approach, as well as the RV method

have their clear space in data analysis. The CS method on the other hand seemed to

lead to the least accurate results in all regards. Generally, it appears for simple pre-test

post-test procedure without control group, that the RV method poses a viable option

leading to fairly accurate results. While the researcher has to keep in mind that its

estimates appear to be less precise than those of a MV method, the estimators still result

in accurate estimates of true values. In certain conditions, the MV method leads to more

accurate results, specifically in cases of high missingness on the pre-test. Furthermore,

the MV approach consistently led to more precise estimates of coefficients. Whenever a

researcher is in need of high precision for more valid or reliable results, a MV approach is

recommended, for research of similar conditions concerning factors on pre- or post-test.

While the accuracy estimation may lead researchers to come to different conclusions,

the estimation of precision might be more crucial to everyday research. As pre-test

post-test studies are typically aiming to test treatment effects, the RV-method appears

to have a tendency to underestimate their significance, possibly missing it. The MV-

method therefore is to be preferred, as its more precise estimates make up for a generally

seemingly lower accuracy.

The effects of missing data can have further negative implications for univariate meth-

ods, if CCA is used. Not only can the diminished precision lead to an underestimation of

treatment effects, the opposite could happen as well. As data is removed from the sample

due to missing values, less error terms can be modelled by the univariate methods, com-

pared to the MV method making use of OCA. As less error terms are modelled, it might

happen that bigger errors are neglected. The standard error estimation would therefore

fall and treatment effects are more likely deemed to be significant. This however would

make type-I errors, or false-positives, more likely. Accordingly, it appears that employing
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a MV method offers various benefits and more reliable results in significance testing over

the univariate methods.

This study only compared the immediate results concerning accuracy, bias and pre-

diction. Schafer and Olson (1998) pointed out that employing a MV approach to analyse

missing data typically calls for post-analysis procedures, accounting for the effects of

missing data. For the future analysing these post-analysis procedures might lead to very

different results. For further research, more varying conditions of coefficients of pre- and

post-test should be included. Seeing the effects more predictors in the different models

can have on the data, should prove beneficial. It is important to note, that all data in

this study stems from carefully controlled simulation. For a measurement of accuracy,

a different method than the MSE might prove beneficial to use. MSE-values may not

be ideal, as they are not standardized, which makes the comparison between methods

difficult. Real life data often behaves differently under analysis. Including data from

field studies, survey or questionnaires in future research might bring crucial new informa-

tion, that could not be discovered here. Also varying MAR pattern might prove crucial.

Lastly, this study made a distinction between univariate methods employing CCA and

MV method employing OCA. Different ways of data imputation to fill the gaps left by

missing values might have various effects on the univariate and MV methods’ accuracy

and precision. It is clear that handling missing data still requires much looking into, in

order to ensure the most valid results of everyday research.
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