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Abstract

Background and objectives Comprehending the research dataset is crucial for obtaining reliable and valid out-
comes. Health analysts must have a deep comprehension of the data being analyzed. This comprehension allows
them to suggest practical solutions for handling missing data, in a clinical data source. Accurate handling of missing
values is critical for producing precise estimates and making informed decisions, especially in crucial areas like clinical
research. With data’s increasing diversity and complexity, numerous scholars have developed a range of imputation
techniques. To address this, we conducted a systematic review to introduce various imputation techniques based

on tabular dataset characteristics, including the mechanism, pattern, and ratio of missingness, to identify the most
appropriate imputation methods in the healthcare field.

Materials and methods We searched four information databases namely PubMed, Web of Science, Scopus, and IEEE
Xplore, for articles published up to September 20, 2023, that discussed imputation methods for addressing missing
values in a clinically structured dataset. Our investigation of selected articles focused on four key aspects: the mecha-
nism, pattern, ratio of missingness, and various imputation strategies. By synthesizing insights from these perspec-
tives, we constructed an evidence map to recommend suitable imputation methods for handling missing values

in a tabular dataset.

Results Out of 2955 articles, 58 were included in the analysis. The findings from the development of the evidence
map, based on the structure of the missing values and the types of imputation methods used in the extracted items
from these studies, revealed that 45% of the studies employed conventional statistical methods, 31% utilized machine
learning and deep learning methods, and 24% applied hybrid imputation techniques for handling missing values.

Conclusion Considering the structure and characteristics of missing values in a clinical dataset is essential for choos-
ing the most appropriate data imputation technique, especially within conventional statistical methods. Accurately
estimating missing values to reflect reality enhances the likelihood of obtaining high-quality and reusable data, con-
tributing significantly to precise medical decision-making processes. Performing this review study creates a guideline
for choosing the most appropriate imputation methods in data preprocessing stages to perform analytical processes
on structured clinical datasets.
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of each method based on data structure.
and improve medical decision-making accuracy.

applications.

decision-making.

Clinical dataset, Simulation study

- The evidence map emphasized the importance of considering missing data characteristics when choosing an impu-
tation method, providing insights for researchers in method selection.

- The distinction between statistical and learning-based approaches highlighted the strengths and considerations

- Understanding missing data structures can enhance the quality and reliability of data imputation techniques,

- Simulation studies are crucial for validating imputation techniques and enhancing their robustness in practical

- Considering missing data mechanisms, patterns, and ratios can aid researchers in making informed decisions
on selecting appropriate imputation methods, leading to high-quality, and reusable data for precise medical

Keywords Imputation methods, Missing values, Mechanism of missingness, Pattern of missingness, Missing ratio,

Introduction

Missing data refers to values that not observed in one or
more features in a dataset, but would have significance
for analysis if they were. Essentially, a missing value con-
ceals a valuable piece of information [1, 2]. The structure
of missing values refers to the two concepts of mecha-
nism and pattern of missing data in a dataset. The miss-
ingness mechanism(s) concentrates on the connection
between missing data and the variables’ values in the data
set. While the pattern of missing data indicates which
values are absent and which one of them is present in
the data set [1], Rubin initially classified the mechanism
of missingness into three main categories: missing com-
pletely at random (MCAR), missing at random (MAR),
and missing not at random (MNAR). Additionally, the
pattern of missing values includes univariate, multivari-
ate, monotone, arbitrary or general, and file matching [1].

Missing data or Missing ness within a dataset consid-
ered a widespread problem in many real-world datasets
for data analysis, especially in health domains such that it
exists in almost all clinical and epidemiological research
studies [3, 4]. In clinical settings, missing data can result
from factors like lack of data observation, human and
machine errors, attrition due to social or natural causes,
user privacy concerns, missed clinic appointments, data
transmission issues, incorrect measurements, and merg-
ing unrelated data [5-7].

The presence of missing values in a dataset complicates
data preprocessing and analysis, leading to a reduction in
statistical power, potential bias in treatment effect esti-
mates, decreased sample size, and compromised preci-
sion of confidence intervals, ultimately resulting in an
underestimation of variability [2, 8, 9]. This affects data
analysis and predictive accuracy, and introduces bias in
decision-making processes [8, 10]. Missing values have

an impact on data quality, affecting analysis outcomes
and presenting challenges for predictive tasks and sta-
tistical studies. Addressing missing values is crucial for
obtaining clinically collected data with research reusabil-
ity and ensuring results with high generalizability, despite
the biases and uncertainties they may introduce in ana-
lytical findings [11, 12].

Therefore, identifying and carefully managing miss-
ing values in a dataset is crucial [13]. Data imputation, a
method for handling missing data [1], involves predict-
ing missing values by estimating them based on the data
context [7, 12, 14]. This process aims to replace missing
attributes with estimated values to establish meaningful
relationships among all dataset values [15], preserving
completeness and data quality for analytics [16]. Hence,
reliable imputation methods are essential for addressing
missing data issues, with three main approaches: single
imputation, multiple imputation, and predictive impu-
tation [17]. A single imputation adds a plausible value
to each missing value [10], while multiple imputations
assign multiple plausible values to each missing value for
more unbiased estimates [2]. Predictive imputation uti-
lizes machine learning deep learning techniques to cre-
ate prediction models for estimating missing values [17,
18]. Various techniques like regression [19, 20], hot-deck
imputation [21, 22], expectation maximization [23], sup-
port vector machine [24], decision tree [25], ensemble
learning [26, 27], and neural networks [28, 29] can be
employed within these approaches to impute missing val-
ues effectively.

It is crucial to consider the nature and structure of
missing values in a dataset to determine the most appro-
priate data imputation method, including the mecha-
nism, pattern, and ratio of missingness. This systematic
review aims to identify the most imputation methods
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based on the hypothesized mechanism, pattern, and
ratio of missingness in clinical tabular datasets. Accord-
ing to this objective, the research questions come from as
following:

RQ1- What is the utilization pattern of different data
imputation techniques in a clinical tabular dataset
during the timeframe (2000—-2023)?

RQ2- What are common techniques used for data
imputation, considering the mechanism of missing
values, the pattern of missing values, and the missing
ratios in a clinical tabular dataset.

RQ3- What is the most suitable data imputation
method, considering the nature and characteristics
of the missing values in a tabular (structured) clinical
dataset?

In general, answering this question can lead to the
development of a clear guideline for data analysts to
employ appropriate imputation techniques based on the
conditions and characteristics of the missing values in a
clinically structured dataset.

Materials and methods

This systematic review adhered to the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA) methodology guideline [30].

Search strategy

A systematic literature search performed to identify rele-
vant research articles concentrating on keywords related
to missing values, imputation methods, and health-
care. The automated search encompassed four research
databases: PubMed, Scopus, Web of Science, and IEEE
Xplore. Search queries were crafted using keywords and
logical operators to enhance search results. The search
strategies employed detailed below. Specifics of the
search strategies used for each database found in Addi-
tional File 1.
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("Data gaps*" OR "Incomplete data*" OR "Unobserved
values*" OR "Not recorded values*" OR "Data omissions*"
OR "Nonexistent values*" OR "missing value*" OR "miss-
ing data*" OR "data missingness*").

AND

("Data imputation*" OR "Data interpolation*" OR "Data
completion*" OR "Data augmentation*" OR "Data repair*"
OR "imputation*" OR "imputing*").

AND

("Medical*" OR "Healthcare*" OR "Patient care*" OR
"Clinical practice*" OR ‘“clinical*" OR "Medical treat-
ment*" OR "Patient management*" OR "Health services*"
OR "medicine*" OR "health*").

Inclusion criteria

Our inclusion criteria emphasized selecting primary
studies conducted in medical or clinical fields, address-
ing missing values in clinical datasets, evaluating the pro-
posed imputation methods in a clinical tabular dataset,
and writing in English.

Selection procedure and data extraction

The relevant articles retrieved on September 20, 2023,
and managed using EndNote 21 software. Duplicate ref-
erences eliminated through EndNote’s function, followed
by a manual check to ensure the thorough removal of
duplicates. The selection process consisted of two phases:
screening titles/abstracts and a full-text review by three
reviewers (M.A., E.H., and H.T.). Two reviewers (M.A.
and E.H.) independently screened the titles and abstracts
according to the eligibility criteria. Any discrepancies
were resolved through discussions with a third reviewer
(H.T.). Key findings on missing data, imputation meth-
ods, and data imputation performance extracted. Ini-
tially, the reviewers independently screened the titles of
the identified studies based on the exclusion criteria out-
lined in Table 1. Studies that passed the title-screening
phase advanced to the abstract screening stage, where
they evaluated against the specified exclusion criteria.

Table 1 Exclusion criteria at the title and abstract level for screening primary studies in the first phase

exclusion criteria at the title level

iv) non-Relevant context

exclusion criteria at the abstract level
or time series data)

i) Review (Systematic review/Meta-Analysis, Scoping Review, Narrative Review)
i) Protocol of Study, Erratum, Book/Section of Book

iii) Proceeding and Conference Review

v) Out of date (2000-2023) studies

i) non-tabular static data (image data, signal data, voice data, microarray or genomics data, longitudinal

(i) Develop a prediction model (as part of the preprocessing of data analysis in observational or inter-

ventional studies)

(iii) Review (Systematic review/Meta-Analysis, Scoping Review, Narrative Review)

(
(v) non-Relevant context
(vi) Not Abstract

iv) Comparison of imputation methods
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The included studies then progressed to the full-text
review phase, where all reviewers independently evalu-
ated them. Microsoft Excel used to review the full text,
with reviewers recording their decisions and justifica-
tions for exclusion. During this phase, four key aspects of
information extracted: the article’s missingness mecha-
nism, missingness pattern, missingness ratio, and the
imputation methods employed.

Quality assessment of studies and data analysis

According to data analysis, it is crucial to interpret the
study results based on current literature evidence to
derive reliable findings regarding the most effective
imputation methods for handling missing data. Tabu-
lar datasets organized with observations as rows and
features as columns. Understanding the structure and
characteristics of missing values requires considering
the missing data mechanism, pattern, and percentage
of missing data in a dataset. This review study created
an evidence map [31] to illustrate suitable imputation
methods across various structures and characteristics
of missing values in tabular datasets. Seven cases repre-
sent combinations of missingness mechanisms, patterns,
and ratios. Based on the employed imputation methods,
articles categorized into conventional statistical imputa-
tion methods, machine learning-based methods, deep
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learning-based methods [18], and hybrid methods. Impu-
tation approaches further classified into single imputa-
tion, multiple imputation, a combination of both, and
predictive imputation. The evidence map presented as
a 7x4 matrix, with rows representing different states of
missing data structures and columns containing the main
categories of imputation methods. Data analysis per-
formed using R (version 4.0.2).

Results

Study selection

Our search across four databases yielded 2,955 studies, of
which 58 selected for analysis. The selection process out-
lined in the PRISMA flowchart in Fig. 1.

According to the flowchart, out of the 58 studies con-
sidered for full-text review and data extraction to address
the research questions, 90% conducted between 2016 and
2023, while only 10% conducted from 2003 to 2015. This
highlights the significance of missing values imputation
in modeling and data analysis, particularly in the medical
field. Figure 2 illustrates the trend of studies conducted
between 2016 and 2023.

Study characteristics
The study characteristics encompass data sources, clini-
cal context, software for implementing data imputation

—
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-
«
g e e g
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E (n=828)
g |
e R d excluded (Revi f Abstract)
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—
— !
Report excluded (Review of Full text)
E‘ Full text papers assessed for eligibility (=37)
2 (n=95) + Reason 1: no tabular static data (n=22)
2 * Reason2: The clinical study was conducted in the
= form of a survey or questionnaire (n=2)
S * Reason 3: The method introduced in the study has
SR
not been evaluated (n=5)
= * Reason 4: full text of paper not available (n=3)
= Studies included in review(n=58) + ReasonS: paper was not written in English (n=2)
E * Reason 6: others (n=3)
—

Fig. 1 The flow diagram of Preferred Reporting Items for Systematic Review (PRISMA)
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Fig. 2 Trend of primary studies over the last 8 years

techniques, types of missing variables, patterns of miss-
ing values, and mechanisms of missing values extracted
from each primary study, as depicted in Fig. 3. Special-
ized fields such as cardiology, diabetes, and cancer have
notably addressed missing values in data pre-processing.
Among the 58 studies, 27 did not provide information on
missing value patterns (i.e., univariate, multivariate, and
arbitrary patterns). Seven potential cases examined for
the missing value mechanism, including a combination of
MCAR, MAR, and MNAR mechanisms. Sixteen studies
did not specify the mechanism of missing values.

Primary studies analysis

In this review study, based on the classification in study
[35] illustrated in Fig. 4, data imputation methods were
grouped into four main categories Conventional statisti-
cal methods, machine learning-based methods, newly
developed deep learning methods, and hybrid methods.
A summary of the included studies presented in Addi-
tional File 2.

Figure 5 presents the evidence map illustrating the rela-
tionship between the primary categories of imputation
methods and the various types of missing value struc-
tures. Among the 58 studies reviewed, 23 focused on
imputation methods for the mechanisms, patterns, and
ratios of missingness hypotheses. None addressed both
the mechanism and pattern assumptions. Sixteen stud-
ies concentrated on the mechanism and ratio of missing-
ness assumptions, five examined the pattern and ratio of
missingness, one explored the mechanism hypothesis,
another focused on the pattern assumption, and twelve
investigated the ratio of missingness hypothesis.

The majority of studies (48%, 28/58) employed the "pre-
dictive" approach, while (36%, 21/58) utilized a multiple
approach for data imputation methods. In terms of clas-
sifying data imputation methods, (41%, 24) studies relied

on conventional statistical methods, (24%, 14) studies on
machine learning methods, (24%, 14) studies on hybrid
imputation methods, and (11%, 6) studies on deep learn-
ing methods for assigning data values. Further details on
the data imputation methods used in the studies can be
found in Fig. 4 and Additional File 3.

The following subsections include algorithms used in
each main category of data imputation methods for seven
distinct cases of structural characteristics of missing
values.

Mechanism, pattern, ratio of missingness

Among the 58 primary studies, 23 studies [3, 36, 38,
42-44, 46, 50, 51, 55-59, 61, 70, 71, 74, 75, 81, 82, 85,
87] examined the mechanisms, patterns, and ratios of
the missingness hypothesis. Most of these studies (60%,
14/23) employed conventional statistical methods (i.e.,
regression [36, 70], multiple imputations by chained
equations (MICE) [42, 3], miss ranger [46], logistic
regression (logit) [50, 51], joint multiple imputations
(JMI), conditional multiple imputations (CMI) [71, 74],
matrix completion methods [81], bias-corrected multiple
imputations (BCMI) [82], probabilistic principal com-
ponent analysis (PPCA) [36], and multilevel and strati-
fied imputation methods [55, 87]) for imputing missing
values. Thirteen percent (i.e., 3/23) of the studies utilized
machine learning-based imputation methods, including
support vector machine (SVM) [38], ensemble learn-
ing (EL) [58], Bayesian classification and regression trees
(CART), and Bayesian additive regression trees (BART)
[85]. Another thirteen percent (i.e., 3/23) of studies
employed hybrid imputation methods; for instance, study
[44] used fuzzy principal component analysis (FPCA),
SVM, and fuzzy c-means (FCM) clustering methods,
while study [59] applied utility-based regression (UBR)
with synthetic minority over-sampling technique for
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Fig. 3 Part (a) shows the percentage of primary studies based on their data sources. Part (b) displays the distribution of clinical contexts,
emphasizing the importance of managing missing data in medical decision-making processes. Part (c) illustrates the software used

for implementing data imputation techniques. Part (d) presents the types of missing variables extracted from each study. In part (e) distribution
of missing value patterns is shown. Part (f) depicts the frequency of missing value mechanisms mentioned in the primary studies

regression (SMOTER). Finally, thirteen percent (i.e.,
3/23) of studies implemented deep learning-based impu-
tation methods, including clinical condition generative
adversarial network (CCGAN) [43, 56] and partial mul-
tiple imputation with variational auto-encoders (PMI-
VAE) [75]. In this category, 65% of the studies utilized
simulation approaches to implement algorithms for data
imputation.

Mechanism and pattern hypothesis

Among the 58 included studies, none had been con-
ducted considering both the mechanism and the pattern
conditions in the missing data.

Mechanism and ratio of missingness hypothesis

Among the 58 included studies, 16 studies [32, 35, 37, 39,
41, 45, 48, 49, 53, 54, 62, 64, 65, 73, 78, 86] addressed the
missing value hypothesis in the mechanisms and ratios

of messiness. This category of missing values, compris-
ing 50% of studies [32, 37, 41, 45, 64, 65, 78, 86], includes
the use of conventional statistical methods for data
imputation, such as predictive mean matching (PMM)
[32], Bayesian ridge regression (BRR) model [37, 65, 86],
MICE [41, 45], missing Gaussian processes (GP) [64],
and joint modeling multiple imputation, as well as full
conditional specification multiple imputation [78]. Four
studies (i.e., 25%) [35, 48, 49, 53] focused on imputation
methods based on machine learning methods, including
extremely randomized trees (Extra Trees) [35], sequential
random forest method [39], distance threshold nearest
neighbor imputation method [48], correlation-weighted
nearest neighbor imputation, and correlation-weighted
regression imputation [53]. Additionally, four studies
(i.e., 25%) [49, 54, 62, 73] examined hybrid imputation
methods, such as k-means clustering with purity-based
k nearest neighbor (KNN) imputation and distance
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threshold nearest neighbors imputation [49], random
forest combined with the expectation maximization
(EM) algorithm and (KNN) [84], multilevel multiple
correspondence analysis and multilevel factorial analy-
sis (MFA) [62], (KNN), hot-deck, Markov chain Monte
Carlo, (MICE), and (EM) [73]. In this category, 75% of the
studies employed simulation approaches to implement
algorithms for data imputation.

Pattern and Ratio of Missingness

For this category (8%, 5), studies [52, 60, 63, 72, 76] exam-
ined the patterns and ratios of the missingness hypoth-
esis concerning missing values. Within this group, two
studies [52, 72] utilized conventional statistical methods,
including linear regression techniques [52]. The interpo-
lation method [74] employed, while two studies [60, 63]
applied machine-learning algorithms (slap swarm algo-
rithm (SSA) [60] and the instance-based cluster imputa-
tion algorithm (INS-CLUS-IMPUTE)) [63] to predict
missing values. One study [76] implemented a hybrid
method Bayesian-Gaussian mixture models (BGMM)
for imputing missing values. In this category, 60% of the
studies adopted a simulation approach to implement
algorithms for data imputation.

Mechanism Hypothesis

For this category of missing value structure, only one
study [47] examined the hypothesis of the missing data
mechanisms in a tabular dataset using a hybrid method
for missing value imputation.

Pattern Hypothesis
For this category of missing value structure, only one
study [33] investigated the hypothesis of the missing data
patterns using a conventional statistical method (linear
regression with half values of random error) for missing
value imputation.

Ratio of missingness hypothesis

Among 58 primary studies, (20%, 12) studies [16, 34,
40, 66-69, 77, 79, 80, 83, 84] were included in this cat-
egory. One study [16] employed a conventional statisti-
cal method (low-rank approximation-based imputation)
to address missing values. Studies [40, 80, 83] utilized
machine learning-based methods for imputation. These
algorithms include (EL) algorithms in study [40], a clus-
ter-based imputation (CLUSTIMP) method in study [80],
and least squares support vector machine (LS-SVM) in
study [83]. Studies [34, 67-69, 79] applied hybrid meth-
ods for imputing missing values. More details about
the algorithms used are as follows: study [34] combined
rough set theory (RST) with artificial neural network
(ANN) hybridization for missing data imputation; study
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[67] implemented single center imputation from multi-
ple chained equations (SICE) and MICE; studies [68, 69]
employed WLI Fuzzy Clustering and fuzzy grey neural
network (FGNN); and study [79] integrated MICE, KNN,
and optimal mean and mode imputation. Finally, studies
[66, 77, 84] in this category applied a deep learning-based
method (auto-encoder to drive a deep learning architec-
ture) for imputing missing values in a tabular dataset.
In this category, 58% of the studies utilized a simulation
approach to implement algorithms for data imputation.

Quality assessment

The assessment process involves assigning a score from
zero to one to each primary study based on the Qual-
ity Assessment Criteria (QAC). A score of one indicates
that the study adequately addresses the QAC question,
while a score of 0.75 signifies partial acceptability. Incom-
plete answers receive a score of 0.5, and a score of zero
assigned if the QAC question not addressed. The total
score for each study calculated by summing the individ-
ual QAC question scores, providing an overall evaluation
of the study’s quality and adherence to the assessment
criteria. Upon completing the quality assessment for each
primary study, it noted that the total score of the selected
primary studies exceeded 60% [88, 89], representing 84%
compliance with each QAC as detailed in Table 2. This
observation indicates that the primary studies provide
sufficient information to address the research questions.

Discussion

This systematic review aims to identify the most suitable
method for imputing missing data in a static tabular data-
set. This study designed around three research questions.
The first research question seeks to provide an overview
of recent trends in various imputation methods that
address missing values in structured clinical datasets. The
second research question focuses on identifying com-
mon imputation methods and categorizing them based
on the combination of different modes derived from
three underlying assumptions: mechanism, pattern, and
ratio of missing values in a structured clinical dataset.
Third research question determines the most appropri-
ate imputation method according to the characteristics of
the missing values. To answer the first research question,
reference information—including title, publication year,
publication source, study purpose, and applied method—
extracted from each primary study. The response to this
question illustrated in Fig. 2. In addressing the second
question, information such as dataset source, data types,
missingness mechanism, missingness pattern, the ratio of
missing values, study design, the role of missing values in
the variables, and the imputation method extracted from
each study. Details related to this question presented in
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Table 2 The quality assessment of primary studies
Research Questions Quality Assessment Criteria Answering Score Total Score
(0,0.5,0.75, 1)
RQ1 QAC1 58*1 58 studies (100%)
What is the utilization pattern of different data imputa- Introduce imputation methods given some hypoth-
tion techniques? esis for missing values: 58
RQ2 QAC2 23*1 45 studies
What are common techniques used for data imputa- ~ (Mechanism, pattern, ratio of missing values): 23 21*0.75 (77%)
tion, considering the mechanism of missing values, ((Mechanism and pattern), (Mechanism and ratio 14*0.5
the pattern of missing values, and the missing ratios?  of missing values), (Pattern and ratio of missing
values)): 21
((Mechanism), (Pattern), (Ratio of missing values)): 14
RQ3 QAC3 36*1 44 studies
What is the most suitable data imputation method, Simulation study: 36 16%0.5 (75%)
considering the nature and characteristics of the miss-  Prediction model: 16 60

ing values?

Other approaches: 6

“Primary studies analysis” Section. Finally, to answer
the third research question regarding the most suit-
able imputation method, 58 studies examined to deter-
mine whether the introduced imputation method based
on a simulation approach. In the simulation method,
all scenarios verified and evaluated, and then the most
appropriate method proposed based on the problem con-
ditions. Table 2 presents the evaluation results for each
of the research questions in this study, based on Quality
Assessment Criteria relevant to each question. Therefore,
it is essential to focus on the mechanism and pattern of
missing values in accurately diagnosing the data assign-
ment method. The analysis of 58 studies highlights the
significance of considering these factors when selecting
an imputation method, resulting in improved data qual-
ity. Several recent review studies have examined various
data imputation methods [35, 89-93] with some con-
centrating on specific categories such as machine learn-
ing [89-91] or deep learning [18, 92]. In contrast, this
review encompasses a wide range of imputation meth-
ods, including conventional statistical methods, machine
learning, and deep learning methods. It serves as a com-
prehensive guide for researchers in selecting a suitable
imputation method during data preprocessing by consid-
ering the structural attributes of missing values.

We created an evidence map by integrating assump-
tions about the structure of missing data and various
imputation methods to identify the most appropriate
approach. The assumptions considered three primary
factors: mechanism, pattern, and ratio of missingness.
Several imputation techniques, including conventional
statistical, machine learning, hybrid, and deep learning,
used to construct the evidence map. Figure 3 organizes
the resulting matrix (7x4) as follows: The assumptions
(mechanism, pattern, and ratio of missingness) pre-
sented in the first row. The second, third, and fourth rows

display the binary combinations of structural features
(mechanism, pattern), (mechanism, ratio of missingness),
and (pattern, ratio of missingness), respectively. The fifth
row corresponds to the mechanism, the sixth row corre-
sponds to the pattern, and the seventh row corresponds
to the ratio of missingness. Conventional statistical meth-
ods, machine learning methods, hybrid methods, and
deep learning methods are included in the columns of
the evidence map matrix. This structured approach ena-
bles a comprehensive examination of various combina-
tions of missing data attributes and imputation methods.
It provides valuable insights for researchers in selecting
the most suitable strategy for imputing missing data in
their datasets.

Based on this evidence map, it concluded that Case (i)
(mechanism, pattern, and ratio of missingness) exhibited
the highest application of statistical methods for imput-
ing missing data. Cases (ii) (mechanism and pattern), (v)
(mechanism), and (vi) (pattern) demonstrated the lowest
utilization in missing data imputation. The default case
(vii) (ratio of missingness) alone attracted more interest
than the case (v) mechanism and the case (vii) pattern.
Case (iii) (mechanism and ratio of missingness) garnered
more attention than cases (ii) and (iv) in the combination
of two cases of the structural features of missing values.
Among the seven structural features assumed for missing
values, case (i), case (iii), and case (vii) received greater
focus than others did. Conventional statistical methods
predominantly employed for imputing missing values
related to the case (i). Statistical, machine learning, and
hybrid methods used to address missing values associ-
ated with the case (iii). Case (vii) applied machine learn-
ing, deep learning, and hybrid methods.

Statistical methods considered sensitive and essential
specific prerequisites for modeling, whereas learning-
based methods recognized for their robustness and
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reduced sensitivity to such prerequisites. In traditional
statistical methods, the focus is on the mechanism, pat-
tern, and ratio of missingness. Machine learning meth-
ods emphasize the mechanism and ratio of missingness,
while deep learning and hybrid methods prioritize the
missingness ratio. As a result, findings derived from
the analysis of 58 studies well supported by the distinc-
tion between statistical and learning-based methods in
addressing missing data. Statistical methods deemed
sensitive and require specific prerequisites for mode-
ling, while learning-based methods, including machine
learning and deep learning, known for their robust-
ness and less influenced by the prerequisites typically
needed for modeling. Moreover, in traditional statis-
tical methods, the key structural feature of interest
encompasses a case (i) (mechanism, pattern, and ratio
of missingness). In contrast, machine-learning meth-
ods concentrate on the case (iii) (mechanism and ratio
of missingness). Deep learning and hybrid methods
emphasize the case (vii) (missingness ratio) structural
feature over other assumed structural features. This dis-
tinction underscores the strengths and considerations
of various approaches when managing missing data in a
dataset. Researchers can gain from understanding these
nuances to choose the most suitable method based on
their data characteristics and research objectives.

Among the 58 studies reviewed, the simulation
approach used by a notable percentage: 62% of studies
used conventional statistical methods, 66% of studies
employing machine-learning methods, 64% of stud-
ies incorporating hybrid methods, and 66% of studies
applying deep learning methods. Based on this infor-
mation, it is advisable to conduct a simulation study to
confirm that the proposed imputation method is indeed
the most appropriate approach, considering the struc-
tural characteristics of the missing values. A simula-
tion study can enhance the robustness of the proposed
imputation method in practical applications.

Consequently, this review emphasizes that know-
ing about the structure of missing values is essential
when applying conventional statistical techniques. This
involves examining the mechanism, pattern, and ratio
of missing values, as these factors significantly affect
the model’s performance in estimating missing values
because of their high sensitivity. Conversely, machine
learning and deep learning techniques, recognized for
their robustness, may require less focus on the struc-
tural characteristics of missing values compared to the
default assumptions regarding the mechanism, pattern,
and ratio of missing data. Neglecting these structural
aspects may not considerably affect the model’s perfor-
mance in predicting missing values.
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Conclusions

This systematic review emphasizes the importance
of understanding the structure and characteristics of
missing data in clinical datasets when selecting appro-
priate imputation methods. The analysis of 58 studies
revealed that conventional statistical methods are most
effective when considering the mechanisms, patterns,
and ratios of missing values, while machine learn-
ing and deep learning techniques are more robust and
often focus primarily on the missingness ratio.

The review created an evidence map that links miss-
ing data assumptions to suitable imputation meth-
ods, highlighting the prevalence of simulation-based
approaches in validating these techniques. The findings
suggest that researchers should tailor their imputation
strategies based on the specific characteristics of their
datasets, particularly when using conventional statisti-
cal methods. Ultimately, employing simulation meth-
ods can enhance data quality and improve the accuracy
of medical decision-making, underscoring the need for
methodologically sound imputation practices in clini-
cal research. A conceptual framework as a road map
on how to choose the most appropriate imputation
method according to characteristics of missing values is
essential in future literature.
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