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Abstract: Addressing unavailable data is essential in research to ensure reliable findings. Missing data can
introduce bias and undermine validity, arising from participant non-response, measurement errors, or research
design flaws. Ignoring or mishandling it leads to poor estimates and inaccurate results. Three main strategies
exist removal, imputation, and modelling. Removal discards incomplete cases but can reduce sample size.
Imputation replaces missing values with estimates to maintain data integrity. Modelling uses advanced
statistical techniques to address uncertainty. The preference of a technique relies on the dataset and the type
of missing data.

Index Terms - Missing data, Data analysis challenges, Missing data imputation, Data Integrity.
. INTRODUCTION

Recent advances in data mining have been significant, but missing data remains a major challenge. Data
mining involves analyzing datasets to uncover valuable relationships. However, incomplete data can
significantly impact classifier performance and limit information extraction. Regular data collection often
results in incomplete datasets, posing issues for statistical analysis and data cleansing. Missing values are
common, such as survey respondents omitting income information. Data from multiple sources also frequently
suffer from significant information loss[1]. Using incomplete data can lead to inaccurate results, necessitating
pre-processing to address anomalies. While small amounts of missing data can be overlooked, substantial gaps
must be handled to ensure accurate findings, making pre-processing essential for improving data quality and
gaining valuable insights.

Effectively managing missing values is challenging and requires careful examination to identify patterns in the
datasets. Since 1980, various solutions have emerged to address these gaps[2]. This document outlines different
types of missing values and the methods used to handle them.It's important to differentiate between purged and
lost values. Purged values occur when no value can be assigned, whereas lost values indicate an existing but
unavailable value in the datasets. Data miners must differentiate between these, as lost data can result from
technical issues, conflicts with other data, or entry errors. Understanding the reasons behind missing data is
essential before applying any management approach [2], [3].

Missing values can stem from human error, equipment malfunctions, participant non-compliance, withdrawals
from research, or merging unrelated data [4][5]. Data-intensive fields often face missing values, leading to
reduced performance, processing challenges, and skewed results due to discrepancies between fully populated

IJCRT2501148 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ b292


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

and partially populated data [6]. The influence of absent values varies based on factors such as the extent of
missing data, the pattern of missingness, and the root causes behind it [7]. A widely-used method to handle
missing data is imputation [8], where missing values are substituted with plausible estimates or the instances
are removed entirely. Well-known imputation techniques like K-nearest neighbor imputation, mean
imputation, and regression imputation are extensively discussed in the fields of statistics and machine learning

[9][10].

The remaining part of the paper is structured as follows: Section Il explains Missing Data Terminology, Section
I11 describes Strategies of Handling Missing Data. The Evaluation for Imputation of Missing Data Methods is
explained in Section IV. Section V gives the comparative analysis of performance metrics and the paper
concludes in Section VI.

1. MISSING DATA TERMINOLOGY

Missing data significantly impacts the conclusions of datasets analysis. It occurs at two levels: unit-level,
where respondents provide no information (non-response), and item-level, where participants provide partial
information [11]. Addressing missing data requires assessing three factors: the amount, the cause, and the
distribution of the missing data. Researchers need to assess these elements to determine the most effective
approach for managing missing data in their analysis.

2.1 Amount of Missing Data

Data loss undermines statistical conclusions' reliability. No widely accepted criterion for an adequate
missing data threshold exists despite extensive experimentation. Surprisingly, this factor has little impact on
conclusions compared to others [12][13].
Consider Table 1, which displays patient records from a medical study:

Table 1: Records of Patients

Patient-id | Age | Health Contact
status Details

1 20 Good Mobile No.

2 Nil Recovering | Email

3 52 Critical Nil

4 Nil Stable Mobile No.

In this example, the value "Nil" represents missing data. Let's calculate the proportion of missing data for

each column:

Age: 2 out of 4 values are missing (IDs 02 and 04), thus, the percentage of missing data for age is 2/4=0.5 or

50%.

e Health Status: No values are missing.

e Contact Method: 1 out of 4 values is missing (ID 03), thus, the percentage of missing data for contact
method is ¥2=0.25 or 25%.

This example illustrates the percentage of missing data for each column in the dataset.In this instance, missing

"Age" data can compromise the study's reliability on aging-related health patterns, while missing "Contact

Method" data has less impact on health trend analysis.

2.2 Cause of Missing Data

Missing data, absent values in datasets, arise due to various reasons that include factors like data entry
mistakes, equipment failure, low survey participation, deliberate exclusion, technical issues, participant
characteristics, survey design flaws, or privacy concerns. Handling missing data poses a common challenge in
data analysis, impacting the accuracy and reliability of results significantly.

The matrix data structure can lead to incomplete data in sample analysis. Rubin initially categorized this into
three groups based on causes of missing data [14]. Three new types introduced by interestingness algorithms
are Missing at Random (MAR), Missing Completely at Random (MCAR), and Missing Not at Random
(MNAR) [15][16].
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2.2.1 Missing Completely at Random(MCAR)

Data is classified, as missing completely at random (MCAR) when its absence is independent of all
variables, whether observable or not, implying a random distribution within the matrix X [17]. Yet, this
assumption is often impractical in practice. The equation that characterizes Missing Completely At Random
(MCAR) is:

P(Missing|X,Y) = P(Missing) (1D
This equation indicates that the likelihood of a value being missing (represented as Missing) is independent
of both the observed data X and any unobserved data Y. In other words, the missingness is not related to the
values of either the observed or unobserved variables in the dataset.

Survey data includes individuals' favorite colors in Table 2, but some participants left this field blank at
random.

Table 2: Favorite Colour Records

Participants | Favorite Colour
1 Yellow

2 Purple

3 Nil

4 Green

5 ?

In MCAR example, "Nil" symbols denote randomly missing data on favorite colors, showing no pattern or
bias when removing rows.

222. MAR

In Missing at Random.(MAR), the missing data does not exhibit clear patterns. Estimating missing values
relies on available information, assuming predictability from other variables, though it may not always fully
capture the true relationship [18]. The equation that characterizes Missing at Random (MAR) is:

P(Missing|X, Y, Z) = P(Missing|X,Z) (2)
This equation indicates that the occurrence of missing values depends on observed data and variables Z, but
not on unobserved variables Y, establishing conditional independence from unobserved data.To implement
MAR, predict missing values using other variables, though this may not capture the full relationship. For
example, in a health survey, missing smoking data is more common among lower-income participants.

Table 3: Records of Drug Use

Participant | Level of | Smoking
Income Status

001 High Smoker

002 Low Nil

003 Mid Non-Smoker

004 Low Nil

005 High Non-Smoker

In this table, "Nil" indicates missing data, which is more common among low-income participants, showing
the MAR pattern.

22.3. MNAR
MNAR, also known as "non-ignorable non-response,” does not fit into the MCAR or MAR categories. It
occurs when the missing value of a variable is influenced by the reason for its absence [19]. The equation
characterizing Missing Not At Random (MNAR) is:
P(Missing|X, Y, Z) = P(Missing|Y) (3)
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This equation shows that the likelihood of missing data is influenced by the unobserved values Y and cannot
be entirely explained by the observed data X. Full information maximum likelihood (FIML) estimation is
particularly effective in handling such scenarios [20].

Consider a scenario: Researchers study depression symptoms and medication adherence, collecting data on
participants' depression scores and medication adherence. Some participants withhold depression scores,
influenced by severity of symptoms (unobserved).

Table 4: Participant’s Record
Participant- | Depressio | Medication
Id n Score Adherence
1 20 Yes
2 Nil No
3 15 Yes
4 Nil Yes
5 25 No

In Table 4 representing the assumed scenario:

e Participants 2 and 4 have missing depression scores.

e Missingness of depression scores is influenced by severity of depression symptoms (unobserved).
Participants with more severe symptoms are less likely to disclose scores, showing MNAR where missingness
relates to the unobserved variable.

2.3 Missing Data Pattern

Missing data patterns reveal the presence and absence of values in a dataset. Although there's no standard
classification, [21-23] explore three common patterns: univariate, monotone, and non-monotone..The
representation lacks the data schema file, with blue for observed data and red for missing values.
Univariate:
The univariate missing data pattern occurs when only one variable in a dataset has missing values[24]. This
pattern is uncommon in many academic fields[25].
Monotone:
The monotone missing data pattern organizes dataset variables sequentially, common in longitudinal studies
when participants drop out permanently [26]. Identifying these patterns simplifies data management [27].
Non-Monotonic:
This pattern occurs when missing data in one variable doesn't affect the others [28].

UNI-VARIATE NON-MONOTONE

MONOTONE

Figure 1: Representation-Missing data patterns
I1l. STRATEGIES OF HANDLING MISSING DATA

This section examines many methods for dealing with missing values that have been covered in the literature
and how they are used in various contexts [21].

3.1 Ignoring Missing Values (Deletion Methods)

In this method, any entries with missing values are excluded from the analysis, streamlining the process
without the need for estimation [18]. However, deletion can introduce bias, especially if data is not randomly
missing. Deletion can be pair wise or list-wise [29, 30].

3.1.1. List-wise Deletion

List-wise deletion removes entire cases (rows) with any missing values, for example, in a survey dataset,
removing participants with missing responses on any question. If data samples are large and satisfy MCAR,
list-wise deletion is reasonable. Smaller samples or violations of MCAR make it less suitable, risking loss of
important information with high discarded cases [31, 32].
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3.1.2. Pair-wise Deletion

To avoid information loss with list-wise deletion, pair wise deletion retains more data by only omitting
values required for specific analyses [33]. However, it can lead to a non-positive definite correlation matrix,
limiting coefficient estimation [34]. Pair wise deletion typically produces low bias results for data that is
MCAR or MAR [32].

3.2 Imputation Methods

Imputation substitutes missing values with estimated values derived from the available data [35]. Common
methods include-

3.2.1. Single Imputation

Simple imputation replaces missing values with the mode, mean, or median of the available values for each
characteristic [36]. While widely used for its simplicity, it can introduce bias and unrealistic results in high-
dimensional and big data sets [37] [38].
Single-imputation techniques, which usually require less processing resources, seek to compute a correct
value for missing data points. Although there is no way to ensure the genuine value, single imputation treats
imputed values as real and ignores inherent uncertainty [39].

3.2.2. Regression Imputation

Regression imputation uses full observations to estimate values using a regression model and substitute
them for missing data [40]. Regression imputation preserves sample size by retaining observations with
missing values but relies on a substantial dataset to ensure robust results. This method utilizes a single
regression curve, which may not account for inherent data variability [21]. Using regression, missing values
in a feature are predicted from complete attributes, filling in the gaps with estimated values based on available
data. Regression technique chosen depends on data nature; for multiple missing features, multivariate
regression is used [41]. It assesses linear relationships between multiple predictors and responses
[42].Sherwood et. al. [43] used weighted quantile regression to estimate missing health data values, addressing
skewness and heteroscedasticity. The approach proved effective for numeric health care cost analysis but
relied on fully observed data and was sensitive to missing data rates and functional form specification,
potentially introducing bias. In one study, authors used functional principal component regression for missing
values, comparing it to complete case analysis. Another study employed multivariate imputation via
regression sequences for normal multivariate data, handling multiple missing variables and non-monotonic
patterns [44].

3.2.3. Hot-Deck Imputation

Hot-deck imputation matches missing values with complete cases, randomly selecting a donor from similar
cases [45]. Another method, nearest neighbor imputation, overlooks missing data variability. Variants include
weighted random and sequential hot deck, managing bias by limiting donor selection frequency. This method
produces rectangular data, avoids cross-user inconsistency, and doesn't require model fitting, contrasting with
parametric methods like regression imputation. It reduces non-response bias but lacks full conceptual clarity
despite its research popularity.

Sullivan and Andridge [46] proposed a hot deck method examining MAR to MNAR mechanisms, using fully
observed covariates. Simulation studies assessed bias and coverage, showing optimal performance when fully
observed values influenced outcomes.

Fractional hot deck imputation was applied to MAR data by Christopher et al. [47], who evaluated its
effectiveness against list-wise deletion, mean, and median imputation techniques. Smaller standard errors
were produced by their method, which may have outperformed biased imputation techniques in the
comparison.

3.2.4. Expectation- Maximization Imputation

The expectation maximization approach uses an iterative procedure of impute, estimate, and repeat until
convergence to handle missing variables. Each iteration is split into two phases: expectation, where missing
values are estimated from the observed data, and maximization, where these estimates are utilized to maximize
the likelihood of the whole data set [48].
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Research on handling missing values with expectation maximization (EM) includes Rubin et. al. [49], who
studied feeding behaviour in drug-treated and untreated animals. They compared EM to list-wise deletion,
Bayesian methods, and mean substitution regression. EM was found to be the most effective, though results
may be specific to the dataset's unique characteristics and sampling.

In a separate effort, the problem of training Gaussian mixtures on large, high-dimensional datasets with
missing values was addressed by means of an expectation maximization technique for imputation [50]. When
compared to simple imputation techniques, the performance of the classification model was greatly enhanced
by the imputed datasets. Nevertheless, this method necessitated costly matrix calculations.

Single imputation methods are simple and time-saving for handling missing data. However, they often
introduce bias and do not account for the error of their imputations or the uncertainty associated with the
missing values. As a result, researchers have developed improved methods that offer better performance and
yield unbiased analysis.

3.2.5. Multiple Imputation

Missing data handling goes beyond simple deletion. The drawbacks of single imputation are addressed by
multiple imputations, which estimate multiple values expressing uncertainty around the true value [51]. This
method creates a single point estimate by averaging the parameter estimates from M samples through a variety
of data analysis techniques.

Thus, multiple imputations comprises three phases:

1. Generate M complete datasets by handling missing data.

2. Analyze the M complete datasets.

3. Combine results from the M datasets for the final imputation.

Although multiple imputation is a widely accepted method for managing missing values, researchers need to
employ appropriate techniques to ensure dependable results [52]. Because real-world datasets have high
percentages of missing values and intricate, nonlinear interactions between variables, imputing them—
including survey, clinical, and industrial datasets—can be difficult.

Traditional multiple imputation methods may struggle with high-dimensional data, prompting researchers to
refine these algorithms. Moreover, applying techniques designed for continuous data to impute categorical
data can lead to biased outcomes [53, 54].

1V. EVALUATION PARAMETERS FOR IMPUTATION OF MISSING DATA METHODS

Metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and Area Under the Curve (AUC) can be used to evaluate how well various approaches handle
missing variables.

4.1 Mean Absolute Error (MAE)
The average size of mistakes between expected and actual values is measured by the Mean Absolute Error
(MAE), which is computed as the mean of the absolute disparities between them

1 n
MAE = ;Zl v — 5l )
where, n is the number of observations, y; is the actual value, and  ¥: is the forecast or imputed value.

4.2. The Mean Squared Error (MSE)

The average squared deviations between the expected and actual values are quantified by the Mean Squared
Error (MSE), which is calculated as the mean of these squared differences and assigns a higher weight to
larger errors than to smaller ones. Better model performance is indicated by lower MSE values.

MSE defined as :
MSE == (v~ 7? ©

n
i=1
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where  ¥: is the actual value, ¥: is the predicted or imputed value, and 7 is the number of observations.

4.3. The Root Mean Square Error (RMSE)

The Root Mean Squared Error (RMSE) assesses the average size of discrepancies between predicted and
actual values. It is computed as the square root of the mean of the squared variances between these values,
placing greater emphasis on larger discrepancies.. This is portrayed as:

1 n
RMSE = ';Z (i — 7:)? (6)

The Mean Squared Error, or MSE, calculates the average squared difference between the actual and expected
data. Root Mean Squared Error (RMSE), which yields the standard deviation of these discrepancies, is used
to compute the square root of MSE. The estimated missing values are denoted by i), the number of
observations is n, and the observed values are represented by yi. A lower score for these performance metrics
indicates that the estimated values are comparatively near the true values.

4.4. Area under the Curve (AUC)

The ROC curve, which illustrates the effectiveness of imputation, is summarized and the separability is
evaluated by AUC [55]. The true positive rate (TPR) and false positive rate (FPR) serve as its definitions. TPR
stands for the percentage of positives that are correctly detected, and FPR for the percentage of negatives that
are mistakenly labeled as positives. According to [57], these rates—true positive rate (TPR) and false positive
rate (FPR)—are as follows:

TPR — True Positives )
" True Positives + False Negatives

False Positives

FPR (8)

~ False Positives + True Negatives

The Mean Squared Error (MSE) and Root Mean Squared Error (RMSE), with their quadratic loss function
and ability to quantify forecasting uncertainty, are valuable metrics despite their sensitivity to high values.
The MAE, or Mean Absolute Error, on the other hand, is thought to be a more natural and straightforward
metric because it is not affected by outliers [58].

Research often uses RMSE for evaluating missing value imputation, despite some arguments favoring MAE
for its lower sensitivity to outliers [59]. Chai and Draxler [60] supported RMSE in order to more accurately
depict model performance. The AUC, or Area Under the Curve, offers a visual representation of imputation
performance and remains unaffected by population distribution and decision criteria but may not reflect actual
decision thresholds or model goodness-of-fit. They are not interchangeable, as the discussion over proper
measurements demonstrates. The accuracy of each distance measure (MSE, RMSE, MAE, and AUC) is
measured in relation to the real non-missing data; the metric used should be in line with the particular analytic
needs.

Take a look at the sample in Table 4 for a comparative study of performance measures.Assume that for each
given dataset, we have the following actual and expected values:

Actual Values: [4, -1.5, 2, 6]
Predicted Values: [1.5, 0.0, 2, 9]

IJCRT2501148 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ b298


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

Table 5: Performance Metrics with Example

Performance Description
Metrics
MAE 1. Determine the absolute disparities between each set of values that are real

Willmott, C. J., & | and those that are expected.
Matsuura, K. (2005) | |4 — 15| =25

|-1.5—0.0| =15
|2—2]=0
|6 —9] =3

1. Sum these absolute differences:
2.5+1.5+0+3=7
2. Divide the sum by the number of of values to get the average:

/4=1.75
MAE=1.75
MSE 1. Calculate the differences :
Chai & Draxler | (4 —-15),(-1.5-0.0), (2—2),(6—9) =[25, — 15,0, — 3]
(2014) 2. Square each differences:

[(2.5)% (—1.5)% (0)?, (—=3)?] = [6.25, 2.25,0, 9]
3. Calculate the average of these squared differences:
6.25+ 225+ 0+ 9

n = 4375
MSE= 4.375
RMSE Take the square root of MSE
Chai & Draxler | [e2s+225+0+9 N
(2014) o VBT %0
RMSE= 2.09
AUC Let's classify based on a threshold x=2:
Bradley (1997) Step 1:
Binarize the actual and predicted values based on threshold
Binarize Value = {Positive s =2
Negative ifx< 2

Binarize Values

Actual: [1,0,1,1]

Predicted: [0,0,1,1]

Step 2:

Using these binarize values compute TP,FP,TN,FN
Actual vs Predicted:

1. TP- Actual: 1, Predicted: 1

2. FP- Actual: 0, Predicted: 1

3. TN- Actual: O, Predicted: 0

4. FN- Actual: 1, Predicted: 0

Calculate TPR and FPR:

True Positives (TP): 2

False Positives (FP): 0

True Negative (TN): 1

False Negative (FN): 1

TPR = 2/3

FPR=10

AUC=TPR*(1-FPR)=2/3*1=2/3

Therefore, AUC for this classification scenario with a threshold of 2 is 2/3.
AUC =2/3(Threshold=2)

The above table and the associated references provide a concise summary of different performance metrics
used for evaluating missing data imputation methods, along with examples for each metric.
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V. CONCLUSION

Recent advances in data mining have been significant, but missing data remains a major challenge. Missing
values can stem from human error, equipment malfunctions, participant non-compliance, withdrawals from
research, or merging unrelated data. Effectively managing missing values is challenging and requires careful
examination to identify patterns in the datasets. Thus, ignoring or mishandling it leads to poor estimates and
inaccurate results. The three major strategies: removal, imputation, and modeling are explained in this paper
to handle missing data. Removal discards incomplete cases but can reduce sample size. Imputation replaces
missing values with estimates to maintain data integrity. Modeling employs sophisticated statistical methods
to handle uncertainty. The selection of a method hinges on the characteristics of the data and the missing
information. Further, a concise summary of performance metrics is explained through example in section IV
for evaluating missing data imputation methods.
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