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Abstract:  The problem of missing data is a major obstacle for researchers in the process of data analysis in
various fields, and this problem appears frequently in all fields of social, medical, astronomical studies, clinical
trials, and others. The presence of such a problem within the data to be studied will negatively affect its analysis and
then lead to misleading conclusions, and these conclusions result from the great bias caused by this problem.
Therefore, this work provides a comprehensive analysis of the different methods used to solve the problem of
missing data in databases. It identifies the different types of missing data and points out the most common types of
regression analysis. It also aims to introduce the reader to many methods for solving the problem of missing data in
regression analysis, while explaining how these methods affect the final conclusions of the study.
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Introduction: in research studies and surveys, missing data is inevitable and often leads to inaccurate
conclusions. A variety of factors may result in missing data, giving rise to distinct kinds of missing data, such as
MCAR, MAR, and MNAR. Regardless of the cause of the missing data, it must be disregarded during the analysis
phase since this might skew the outcomes [1].

A number of protocols have been developed to handle missing data in databases. The most straightforward way is to
exclude all observations, even those with missing data (complete-case method); however, this is wasteful and may
result in biased findings. Furthermore, it cannot be used if a significant amount of data is absent, since doing so would
result in information waste. Imputation, weighing processes, and available-case procedures are other methods. In the
MCAR and MAR scenarios, the missing data is replaced with projected values via the use of imputation techniques
[46]. In the process of imputation, there are two types of procedures: model-based techniques and non-model-based
techniques [2]. [35] Mean, median, mode and hot-deck imputation are examples of non-model-based methods [1], [2].
These methods may cause bias in the findings of statistical processes by lowering the variance estimations.
Conversely, MBD [45] includes ANN approaches, multiple imputations, regression-based methods, and expectation
maximisation [2], [47].

The actual effects of missing data on regression were investigated in [3] KEEL and UCI datasets (Abalone, Arfoil,
Bike, California, Compactiv, Mortage, Wankara, and Wine) were used to analyse its effects. To impute missing data, a
variety of techniques were used, including decision trees, random forests, adaboosts, KNN, SVM, and NN[43],. A
simulated investigation of the various datasets led to the conclusion that missing data may have a big impact. The
study's findings show that, when it comes to the regression of data with missing values, the K-NN method performs
better than others [3].

Since the Random Forests approach performs better in terms of prediction accuracy and computing efficiency, it was
chosen to evaluate the effect of missing data. Three techniques were used to analyse the impact: testing classifier
performance, analysing statistical differences between imputed and genuine values [49], and using logistic regression
for probability prediction. Data sets were constructed with varied quantities of imputed variables. The results show
that, with the right imputation strategies, the algorithm is still resistant to missing data. [2].

This paper covers regression model definitions and common types, reasons for missing data, ignorable and
nonignorable missingness, missing data patterns, and eight methods for handling missing data: Complete-case and
available-case analysis, single and multiple imputation, maximum likelihood, Bayesian methods, KNN, regression
trees, and random forests [48]. It emphasises how different techniques for managing missing data impact regression
modelling outcomes. The aim is to familiarise readers with various approaches to addressing missing data in
regression analysis and illustrate their effects on results [38].

2.The Regression Model’s Definition
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Regression models assess the impact of covariates on the dependent variable, which is determined by the types of
variables (continuous, binary, categorical, or counts) and the response variable (continuous, binary, or categorical). These
models are characterised by a probabilistic connection with random errors between the variables. [4]. [44] .

2.1 Types of Regression Models
Different regression models can be summarized as follows:
1- Linear Models

Data

(vi, X)), i=1,....,n, with continuous variables y and x.
Model

Vi=Bot PrXite i=l..,n (1)

The errors &, ...., €, are independent and identically distributed with E(g;) = 0, Var(e;) = o2 [4].

2- Logistic Regression Model for Binary Response Variables

Data

Vi, Xit, .... » XiK), Wherei=1, ....,n

y is a binary response variable € {0, 1} for continuous or coded covariates Xy, ...., xx) [4]

Model

Probability P(y; = 1) = exp(\) / (1 + exp(\i)) )

Where A;is a linear predictor givenby 777
i=Bot PoXiw o PeXik 3)

3- Multiple Linear Model

Data

(Vi, %), k=1,2,...., p, with continuous variables y and x.

Model

Vi = Bg + BiXyj + BoXp + BaXzit.......... + Bpoi + €

Where:

By is the constant term and B, to By, are the coefficients relating the p explanatory variables to the response
variable [5].

2.2 Reasons and Types of Missing Data
Understanding missing data is crucial for effective data management. Factors such as survey responses, data
loss, improper recording, or intentional design, including planned missingness, can influence it and potentially bias
the analysis. [8]. Different types of missing data influence its impact on final conclusions. Common classifications
include:
1- MCAR
The recorded data and the missing values do not vary in any systematic way [1]. Put differently, the causes
contributing to a missing data item happen entirely at random and are independent of both observable and
unobservable variables. [6].
2- MAR
Differences in the other variables in the data set may account for the systematic disparity between the observed
and missing data [1]. Put another way, variables with complete information in the data set may completely account
for missing data that happened. The missingness in this instance is not coincidental [6].
3- MNAR
For reasons that are unknown to the researcher, the probability of a data point being absent fluctuates [9].
Stated otherwise, the cause for missingness is connected to the missing value [6].
2.3 Ignorable and Nonignorable
Nonignorable missing data requires a model for missingness, while ignorable missing data requires at least MAR, and
improving estimators for parameters in the data model is not necessary. To identify missing values in datasets, identify
variables with missing data, quantify their extent, and consider missingness types. Accurate assumption of missingness
types affects result reliability. Calculate missing value percentages, exclude less critical variables, and determine missing
value locations. . [11]. [30]
2.4. Missing Data Patterns
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Some missing data handling techniques are applicable universally, while others are restricted to specific

patterns. Figure 1, illustrates four instances of missing data patterns among variables (X's). Univariate missing data,
where only one X (e.g., X;) has missing values, is depicted. This aligns with the general case of monotone missing
data shown in Figure 2, where columns may be organised such that for each observed instance of X; (where j = 1,...,
P), Xj+1 is observed.
Figure 3, illustrates a pattern where two Xs (X; and X,) are never observed together. When combining two samples
with information on (Xy, Y) and (X,, Y) into one database, this pattern emerges. Estimating regression from this
pattern requires an assumption about the conditional association of X; and X, given Xz and Y.

Lastly, Figure 4 represents a broad pattern without any distinct structure. [12].

X X R D ¢ Y
1{1 12 Xj Kp Y 1 "2 j p
Fig. (1) Univariate missing data pattern Fig. (2) Monotone missing data pattern
X, X, X3 Y X, X, X3 ¥
Fig. (3) Special missing data pattern with Fig. (4) Mist...g oo gerivr e proer s

unidentified parameters

2.5 Methods of Handling Missing Data

In order to determine the best techniques for handling missing data, take into account evaluation criteria and
adhere to guidelines like minimizing bias, making the most use of the information at hand, and producing precise
estimates of uncertainty for statistical analysis, like p-values, standard errors, and confidence intervals. [10].

1- CCA
Statistical packages like linear regression use listwise deletion to model datasets, removing missing variables and
leaving only complete cases, assuming missing data are MCAR. [7].
1.1 Effect of applying Complete-Case Analysis method on outcome results
MCAR data is more probable to be applied when a data set has few missing values; which means that when only
few cases are missing, there is more likelihood that the available complete cases represent the population [7]. In
instances where there is significant missing data, possibly due to multiple covariates with incomplete observations, a
few intact cases may remain for analysis. However, relying solely on complete-case analysis may not be appropriate
in such scenarios. [7]. The complete-case analysis method offers ease of implementation but cannot guarantee
sufficient data for analysis. [7].
2- ACA

In pairwise deletion, all accessible data are employed to estimate model parameters. For instance, in univariate
descriptive statistics with missing data, means and variances are computed for observed variables across the dataset
(utilizing available case analysis). When examining bivariate or multivariate relationships through pairwise deletion,
all cases contribute to estimating the mean of X, while only complete cases are considered for estimating X, and the
correlation between X; and X,. (Fig. (5) The text presents a two-variable dataset with one missing variable, utilising
different case sets to estimate the parameters of interest. [7].
X1 X2 )
X1z X2

m complete cases
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where X ) and sym) -are the mean and the standard deviation of x, calculated from the m complete cases.
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2.1 Impact of applying Available Case Analysis method on outcome results

Available case analysis uses MCAR data to generate unbiassed parameter estimates but may result in biased
estimates if MAR data is used. It may be more efficient than full case analysis, but simulation studies suggest a
decrease in efficiency. Accurate standard error estimates are difficult to obtain due to sample sizes and missing data
patterns. [10].
3-Imputation

Imputation replaces missing values in data sets with estimates, with single and multiple types available. Single
imputation imputes one value for each missing item, allowing additional uncertainty. [1].
3.1 Single Imputation and its effects on the estimated parameters

The method of substituting missing values by their mean value is a common one, but it is known to produce
biassed estimates. On the other hand, the linear regression model is better for imputed missing values but has some
issues, such as biased estimates of parameters that depend on variances, such as regression coefficients. [8], [10].

Linear regression models estimate the relationship between a data point and its associated variable using the least-
squares method. However, regression imputation has a drawback as it infers the most probable value of missing data
without providing information about the uncertainty of the imputed value. [13].
3.2 Stochastic regression imputation

Is a method that replaces missing values in a dataset with predicted values from regression analysis, using
complete cases and a random residual term. When choosing the appropriate model, it outperforms traditional
regression imputation. [8], [13]. To simulate a missing value, HDI substitutes observed values from a randomly
chosen example. This approach, however, may overstate standard errors and skew variable connections, inflating test
statistics and lowering p-values. This intrinsic uncertainty is not taken into account by conventional statistical
software, which exacerbates the issue as missing data fractions rise. As such, care should be taken while using
traditional imputation techniques. [8], [10].
3.3 M1 and its impact on the estimated parameters

This approach involves sampling multiple values from a predictive distribution and repeating complete-data
analyses | times using one of the imputed substitutes, instead of relying on a single mean for each missing value. [11].
MI faces challenges such as thousands of iterations for three to five completed data sets, requiring a minimum of five
sets for unbiased estimates, and the need for specialized software to handle the costly computing time.
[71.

4- ML Method Using the EM Algorithm

This method regards all variables with missing values as random variables within a defined model structure. Its
primary strength lies in yielding estimates with reduced standard errors. [8], [14].
ML models specify the expected values, variances, covariances, and probability distributions of dependent variables
and covariates with missing values. We can obtain robust estimates and standard errors by using the scoring function
as an estimating equation and calculating standard errors via replication. [14]. [36] EM is a technique that maximises
the likelihood of predicting missing values in a data model, especially when known, allowing unbiased predictions and
simplifying parameter estimation. It involves estimating parameters, missing values, and using the filled-in dataset,
ending when stable estimates are reached. [15]. [31]
4.1 Impact of applying Maximum Likelihood method on outcome results

The EM algorithm offers the benefit of yielding unbiased, or close to unbiased, estimates for means, variances,
and covariances. Additionally, it performs effectively even if the assumption of a multivariate normal distribution of
observations is incorrect. [15].

5- BAYESIAN METHODS

Linear regression and ML methods are insufficient for inference with small samples. A proposed solution
involves incorporating a prior into the likelihood and basing inference on the posterior distribution. The Bayesian
approach is used for multivariate problems with missing dependent variables, but its applicability to regression models
with missing covariates is limited. [12], [37],

6- KNN
NN algorithms are good at filling in missing data by using values from similar cases in the whole dataset to replace
missing values. This makes the values more believable and closer to the truth. [16]. [38].
6.1 How to implement the K-NN procedure
To proceed, two initial tasks must be completed: defining the computation method and distance measures for NN, and
establishing the procedure for obtaining an imputed value using NN.
6.2 Distances and the NN calculation
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1- Let p be the number of variables and n be the number of observations. X = (X;s) yields the matching n x p data
matrix, where Xx;s represents the ith observation of the sth variable.
Let O = (ois) represent the matching nxp dummy matrix with entries.
1 ifx; was observed
0is = s
0 for missing value.

The distance between two observations x; in one row and x; in another row in the data matrix, can be computed by
using the d, metric for the observed data, given by

dﬂ(xil Xj) = [_mL Z?:i |xis_ xjs |q I(Ois = 1)I(Oj5 = 1) ]1/q ______ (8)
where:  my = ¥°_, 10 = DI(0js = 1)
m;; denotes the number of valid components in the computation of distances. If an is true, the value of the indicator
function I(a) is 1, and if not, it is 0. The distance calculation only uses the vector components for which observations
in both vectors are available.
The calculation of neighbors as follows:
cj={s:1(o;; = DI(0js=1)=1}
When imputing a given value, the NN is defined by the dista ------ () Xj) [17].
1- In K-NN Regression problems, the average of the k nearest neighbours is taken to predict the missing value,
where regression here is used with continuous variables [18].

6.3 Impact of using K-NN algorithms on the final findings
In terms of imputation precision and reduced errors in inferential statistics, the k-NN algorithm typically performs
better than the 1-NN algorithm regardless of the framework; however, the 1-NN algorithm is the only one that can
preserve the data structure, and there are data distortions for higher values of k neighbours [16].
As the dataset expands, KNN's increasing inefficiency compromises the model's overall performance [17]. Even with
a considerable quantity of missing data in the training sets, the k-NN method with k = 10 produced extremely
excellent results when employed for missing data imputation [19].
6.4 Advantages of K-NN algorithm [38].
e Simple Implementation
e Seamless Adaptability: The algorithm effortlessly adjusts to integrate new training samples, ensuring it remains
responsive to evolving data.
e Minimal Hyperparameters: KNN only necessitates setting a k value and selecting a distance metric [18]
6.5 Disadvantages of K-NN algorithm
A lazy algorithm suffers from limited scalability, dimensionality issues, and overfitting. Optimal feature selection
and dimensionality reduction can mitigate these issues. [18].
7- Regression Tree
The regression tree algorithm is a regression model used in the imputation process to predict missing values by using
covariates and decisional rules. [20]. [40].
A regression tree algorithm splits data into homogeneous subsets using categorical covariates, creating a model with
leaves as imputation cells for the target variable. R(t), the variance for node t, measures the impurity level of a node. It
can be expressed as follows: [20]:
R®) =55 i 0= 7O ....(10)
The criterion function for split s at node t is defined by N(t), y1, the target variable value for the i-th sample, and y(t),
the mean of the target variable in node t.
D(s, 1) = R(1) - pL R(t) - pr R(tr)
The split s is chosen based on its ability to maxi ....(11) lue of ®(s, t), which represents the impurity reduction
achieved through the creation of two offspring nodaes. uniess otherwise stated, we choose the split to ensure the
maximum improvement of tree homogeneity. [20].
7.1 Impact of applying Decision Tree Algorithm on the outcome results
It A decision tree algorithm is a method that is resistant to outliers and missing data, but it tends to overfit data,
which can be resolved by setting constraints on model parameters like tree height and pruning. [21].
8- Random Forest
The RF algorithm uses bagging and feature randomness to create an uncorrelated forest of decision trees, ensuring
low correlation among them. Unlike decision trees, random forests select a subset of possible feature splits. [22]. The

224



QJAE, Volume 26, Issue 2 (2024)

RF method uses an ensemble of decision trees, each using a bootstrap sample or data sample from the training set.
One-third of the sample is set aside for testing, and the dataset is given additional variability through feature
randomness. The output is averaged for regression tasks, and the predicted class is determined by a majority vote for
classification tasks. A forecast is produced by cross-validating the OOB sample. [22].
8.1 Effect of applying RF Algorithm on the outcome results [23], [32] , [33]
1. REF classifiers reduce overfitting risk by averaging uncorrelated decision trees, reducing overall variance and
prediction error.
2. The RF classifier, due to its feature randomness, is highly effective in estimating missing values, as it maintains
accuracy even when some data is missing.
3. R Fsimplifies evaluating feature importance using Gini importance and mean decrease in impurity (MDI),
assessing the model's accuracy decrease when a variable is excluded.
4. The RF algorithm, which can handle large data sets, can be slow in processing data.
5. The RF algorithm requires more storage space due to its larger dataset processing capacity.
6. The complexity of interpreting a single decision tree's prediction is reduced compared to a forest of them [23].
9- Dependent Variable
Regarding the estimate of a regression model, there are two issues about the dependent variable that contains missing
data. [10]. [34]
Do we need to include the dependent variable in the covariates used for imputing missing values in the independent
variables? No, is the response. The random component in multiple imputation eliminates this bias, even though using
the dependent variable to impute missing data for independent variables can lead to overestimated coefficients.
Excluding the dependent variable often results in regression coefficients being attenuated towards zero. [10].
Secondly, is imputation necessary for the dependent variable itself? No, if the missing data is missing at random and
no auxiliary variables are available. Imputing the dependent variable raises sampling variability, so it's preferable to
remove cases with missing data on the dependent variable before imputation. However, if there are strongly correlated
auxiliary variables with the dependent variable, imputing the dependent variable can enhance efficiency and mitigate
bias. [10].
3. Discussion
The effect of missing data on regression modelling of datasets can be significant, as revealed by simulation studies [3].
Missing data treatment methods described in this work comprise the following procedures: (CCA, ACA, imputation
(single - multiple i), maximum likelihood, Bayesian methods, K-nearest neighbours, regression trees, and random
forests). Summarization of the pros and cons of each technique are given in Table (1),

Table (1) Advantages and disadvantages of various approaches to managing missing data

Technique Pros Cons
Name

1 CAA Easiness of implementation May not be viable if too missing data are present.

2 ACA When the missing data is Missing Completely at Random, the If the missing data is MAR, the estimates of the
parameter estimates are unbiased parameters are unbiased.

3 SI Straightforward, convenient, and swift to implement. [13] Yields estimates with bias.

4 MI Numerous software packages are accessible. potentially iterate through numerous cycles.
Resilient.

Primarily furnishes unbiased estimates [13]

5 ML Leads to estimates with reduced standard errors. Calculations can be intricate, often necessitating
Generates unbiased estimates for means, variances, and complex mathematical integrations. [13]
covariances.

6 Bayesian Capable of producing inferences with favorable frequentist There are constraints on its use in regression

methods characteristics models with absent variables.

7 KNN Implementation is straightforward. Poor scalability
Adapts effortlessly. Challenges of dimensionality
Requires minimal hyperparameters. Susceptible to overfitting

8 Regression trees it remains unaffected by outliers and missing data.

It has a tendency to overfit the data.

It's not a precise match for continuous data. [40]
9 RF 1-Decreased likelihood of overfitting Time-intensive procedure

Demands additional resources

Simplified recognition of feature significance ;
Increased complexity

Offers adaptability
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4. PERFORMANCE EVALUATION OF DATA

The imputation technique used should be as close to the true value as possible. Performance measures include
minimising the NRMSE, RMSE [41]., or using Pearson's PAC. Mathematical equations describe these techniques,
with better performance observed when the PAC is closer to 1. [13].

e (Yo _Tiuy,
NRMSE—\/ . (12)
_ Zﬁ:ﬂyo - Yi)z
RMSE = [Za=io= Y .(13)
YN (Yin=Yim)Yon—Yom)
PAC = n=1Jin=Yim)(¥o, ) (14)

\/Zgzl(yi,n_ Yi,m)z (yo,n_ Yo,m)z

Where: Y, = observed value , Y; = imputed value , Y,, = n-th observed value ,

Yin = n-th imputed value , Y, = mean value of Y,, Y;,n = mean value of Y;

5. Additional techniques to improve the accuracy of Imputation

Multiple Imputation is a type of what is known as repeated imputation, another type of repeated imputation is called
FI.

FI, particularly FHDI, reduces imputation variances compared to MI. FHDI inherits benefits from hot-deck

imputation: it preserves the original data's distribution characteristics by relying on observed responses and doesn't
require strict model assumptions. Its primary advantage is the ability to generate general estimates without the need to
satisfy the congeniality condition required by MI. Additionally, FHDI avoids improper imputation issues by being
based on the frequentist's EM algorithm. [24].
Imputation via clusterwise linear regression is a method employed to fill in missing data points. This approach
involves identifying optimal clusters within the dataset and applying linear regression modelling to each cluster. By
leveraging the assumption that the available dataset is representative and utilising only data points similar to the
incomplete samples, imputation via clusterwise linear regression yields precise predictions for missing values.
Comparative analysis against other imputation methods, such as MICE, using evaluation metrics like mean absolute
error and root mean square error demonstrates that imputation via clusterwise linear regression often yields values
with smaller errors, particularly in MCAR and MAR datasets with small to moderate percentages of missing values.
[25].

By Using Surrogate Data[40], we can handle covariates in regression analysis with nonignorable missing values.
In [26], We proposed a method for estimating missing data using equations based on the conditional expectation of the
outcome, taking into account both observed covariates and surrogate data values. The proposed estimator
demonstrated good theoretical and empirical results. [26]. For not identifying any parametric model for the missing
data mechanism,part of the observed covariates should be discarded, and extra parametric model assumptions have to
be made. Those measures are worthy and not quite expensive [26]. [39]

Reference [27] The study presents a method for estimating missing data using artificial neural network clustering and
L2 regularized regression with symmetric uncertainty. It improves imputation accuracy by sequentially imputing
missing values, consuming less computational time. Experiments were conducted on genomic and non-genomic
datasets, proving its effectiveness in high-dimensional datasets and enhancing biomedical data classification. [27].
[29]

In reference [28], A method for imputed missing traffic state data was developed using a graph aggregator-generative
adversarial network. Historical road data correlation coefficients were used to create a new network with strong
temporal relationships. The graph aggregate method was used to obtain spatial-temporal information. Comparative
experiments showed the model's outperformance in various case studies. [28].

6. Conclusion

Data cleaning is crucial for DA to enhance efficiency and quality. Addressing missing data is essential to prevent
biased predictions and incorrect outcomes. Various methods, including CCA, ACA, imputation techniques, Bayesian
methods, KNN, regression trees, and random forests, have been developed to address this issue. While no single
algorithm consistently outperforms others, selecting the most suitable one can significantly improve model prediction
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accuracy. KNN is a powerful classification and regression method but has drawbacks like high computational costs
and noise sensitivity.
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