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1. Introduction 3. Research Gap 4. Research Aim

Why Data Gets Missed? e Insufficient methods for handling MAR & MNAR Aim: Developing Methods to Handle different types
e Human Error, Systematic Issues, Non-response or missing data mechanisms. of missing mechanisms in mixed domain.
Refusal, Data Corruption, Survey Design or e Current methods struggle with mixed data types
Sampling Issues, Conditional Data Collection (numerical and categorical). Objective 1: Investigating the effectiveness of
Missing data is a common challenge across various e Current experiments rely heavily on synthetic existing methods in terms of handling different
data types. scenarios. types of missing mechanisms and data types
* Most research focuses on the Missing e Need for more realistic and formulated missing
Completely At Random (MCAR) missing data generation methods. Objective 2: Developing robust models for handling
mechanism. diverse types of missing data by investigating and
* This project explores underexamined > *AH—T—VBES— Spec—ralq—yaeS— enhancing existing methods to accommodate
mechanisms like Missing At Random (MAR) and 3 variations in missing mechanism generation
Missing Not At Random (MNAR). 2.5 techniques
2
1'? : Objective 3: Extending the novel methods to handle
different types of missing mechanisms in categorical
2. BaCkgrOu nd O'(S) ' e - = 00 and heterogeneous domains.
i : : O & X b & O 0 & L @ QO N
Mlssman(;i/cI;?]glj\m%;‘ta becomes missing. ’VQQ “96 ’VQQ “96 ’VQQ B ST ST ’V& W& Objective 4: Extending proposed methods to handle
Missing Mask M: Chart 1. Number of Article occurs in Scopus database missing modalities in multimodal data.
via Key words search (In log Scale)

This mask is used to represent the location of
missing data that occur in.

5. Methodology

MCAR:
Missingness is random and unrelated to the data. . Diffusion Based Imputation Method
fIMV) VX, WY . . .

MAR: * Kernel Based Representation Learning Method with Heterogeneous Data
Missingness is related to observed data.  Graph Neural Networks for Handling Special Missing Mechanisms in Multimodal Data

f(M|X°,P)v XMy
M.NA.R: . . Statistical ——
Missingness is related to the missing values Missing Data Complete Data
themselves. 2
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Imputation Machine Learning

Table 1. Types of Missing Mechanisms
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- H |gh H |gh H |gh p Chart 2. Taxonomy of Methods for Handling Missing Data
- ioh , 6. Current Progress
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LOW LOW ? LOW < Chart 4. Result from our paper, LHS: Average ranking of
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