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Abstract

Missing data are a common occurrence in research and, if not appropriately addressed prior to analysis, may compromise the valid-
ity of study findings. This article evaluates the effectiveness of various imputation techniques as formal approaches for handling
missing covariate data. Root Mean Squared Error (RMSE) was computed for each imputation method under Missing Completely
at Random (MCAR) and Missing at Random (MAR) mechanisms to identify the technique that yielded the lowest RMSE across
different simulation settings. The results indicate that RMSE increased for all imputation techniques as the proportion of missing
data increased under both MCAR and MAR mechanisms. Under the MCAR mechanism, both simulated and non-simulated data
exhibited broadly similar trends across three multiple imputation-based techniques: Multiple Imputation by Chained Equations
(MICE), Expectation-Maximization with Bootstrapping (EMB), and Predictive Mean Matching (PMM). However, the single im-
putation method (series mean) yielded RMSE values that differed substantially from those of the multiple imputation approaches.
Among the applied multiple imputation (MI) techniques, Predictive Mean Matching (PMM) yielded the lowest RMSE values: 5.80
for the simulated dataset with a 15% missing rate under the MAR mechanism and 7.50 for the empirical dataset. The findings
indicate that multiple imputation techniques are preferable for handling missing data, as they account for uncertainty and improve
estimation efficiency. It is recommended that results from both imputed and original datasets be compared to assess the impact of
missing data on the analysis. For clarity and transparency, researchers should also report the means and standard errors for both
imputed and non-imputed datasets.
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|I. Introduction tions, and patients failing to attend routine clinical ap-
pointments [1]. Many researchers address missing data
l.1. Background by removing incomplete observations prior to analysis, an

o . . approach known as complete case analysis (CCA). This
Missing data are a common occurrence in .medlcal e method excludes any record containing at least one miss-
search and can lead to inaccurate statistical inference if ing value during statistical estimation, thereby reducing

not appropriately addressed; in fact, ignoring missing val-  g¢atistical power and potentially introducing bias [2]. A
ues may result in biased estimates. Data may be miss-

ing for various reasons, including computational errors,
random equipment malfunctions, natural events such as
death, non-response to unclear or sensitive survey ques-

more appropriate alternative is the use of imputation tech-
niques, which estimate and replace missing values to gen-
erate a complete dataset for analysis [3].
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Imputation methods are broadly categorized into sin-
gle imputation techniques, such as mean imputation, hot-
deck imputation, and k-nearest neighbor imputation, and
multiple imputation approaches, including multiple im-
putation by chained equations (MICE), predictive mean
matching (PMM), and expectation-maximization with
bootstrapping (EMB), among others. Although these
methods are employed to replace missing values under
varying scenarios, there is no conclusive consensus regard-
ing the most appropriate approach under specific condi-
tions such as differing proportions of missingness, miss-
ing data patterns, and missingness mechanisms. In this
context, simulation studies play a crucial role in assess-
ing the performance and suitability of different imputation
methods.

In experimental and observational studies, any vari-
able or observation may be affected by missingness. Miss-
ing data mechanisms are commonly classified into three
categories: Missing Completely at Random (MCAR),
Missing at Random (MAR), and Not Missing at Random
(NMAR) [4]. Under the MCAR mechanism, missing val-
ues occur independently of both observed and unobserved
data [2,5]. For instance, MCAR data arise when a patient’s
urine sample is accidentally dropped and broken, leading
to missing laboratory results. Data are classified as Miss-
ing at Random (MAR) when the probability of missing-
ness depends only on observed information and not on un-
observed values [2,6,7]. The occurrence of missing values
is associated with known patient characteristics or behav-
iors. An example of Missing at Random (MAR) is when
a patient deliberately refuses to respond to an interview
question, particularly when the question pertains to sen-
sitive or private information [5]. Data are classified as
Not Missing at Random (NMAR) when the probability
of missingness depends on the unobserved values them-
selves. This implies that the mechanism driving missing-
ness is related to factors that are not directly observable
by the researcher [6]. For example, a patient with a lower
educational level may avoid responding to questions con-
cerning their educational attainment.

1.2. Analysis Gap

One of the main challenges in analyzing real-world
datasets is the presence of missing values in covariates
used to predict or explain an outcome. Several imputa-
tion techniques for handling missing data are available;
however, no single method is universally superior to oth-
ers, owing to variations in missing data proportions, pat-
terns, and underlying mechanisms. Several studies have
examined the performance of imputation methods across
diverse datasets that include both numerical and categor-

ical variables. In some cases, simulation studies have
been employed to assess the performance of imputation
models under a range of conditions [8]. Several studies
have integrated imputation techniques within simulation
frameworks applied to a wide range of datasets, includ-
ing clinical datasets with both numerical and categorical
covariates s [9-11]. In general, these studies conclude
that imputation of missing data is essential and appropriate
for biomedical applications in which accurate prediction
is critical, particularly when missingness is unavoidable.
They further indicate that no single imputation method is
universally optimal, and that the use of appropriate model
performance metrics is necessary to ensure reliable and
unbiased results.

However, to the best of current understanding, no
study has specifically focused on comparing the efficiency
of imputation techniques for numerical covariates us-
ing both original (non-simulated) and simulated datasets
across varying proportions of missing data and differ-
ent missingness mechanisms. Building on the aforemen-
tioned studies, this work aims to compare statistical impu-
tation approaches using both real and simulated datasets
with missing data proportions of 0.15, 0.30, 0.45, and 0.60
under Missing Completely at Random (MCAR) and Miss-
ing at Random (MAR) mechanisms, in order to assess the
consistency of the applied imputation techniques across
different data scenarios. The remainder of this paper is
organized as follows: Section 2 describes the method-
ological approach adopted in the study. Sections 3 and 4
present the results and discussion, respectively, while Sec-
tion 5 provides the study's conclusions.

2. Methodology

2.1. Study Design, Study Area, and Data
Description

The study utilized both real and simulated breast can-
cer datasets, each comprising 693 observations, with co-
variates containing varying proportions of missing values.
The real-world female breast cancer data were obtained
from medical records at Muhimbili National Hospital and
the Ocean Road Cancer Institute (ORCI) in Tanzania, cov-
ering the period from January 2015 to December 2020.
The inclusion criteria required patients to be female, diag-
nosed with breast cancer, and to have received treatment
at least once.

The covariates included were respiratory rate
(breaths per minute), Body Mass Index (BMI, in kg/m?),
patient age (years), and Body Surface Area (BSA, m?).
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2.2. Imputation Techniques

Various imputation methods are available for handling
missing values across different types of datasets; how-
ever, given the characteristics of the present data (non-
longitudinal with numerical and continuous covariates)
and the objectives of the study, this work employed sta-
tistically oriented techniques, including mean imputation,
multiple imputation via expectation-maximization with
bootstrapping (EMB), multiple imputation by chained
equations (MICE), and predictive mean matching (PMM),
in order to achieve the study’s aim. A brief overview of
each technique is provided below, as a detailed discussion
of their mathematical formulations falls outside the scope
of this article.

(i)  Imputation by Mean

In this approach, missing values are replaced with
the mean of the observed values for that variable [2,9,12].
This method may be used when the proportion of missing
values is small, although it may underestimate variability
and affect associations among variables. A lower propor-
tion of missing data may have less impact on the overall
variance estimate, thereby yielding a more accurate rep-
resentation of the true association between response and
predictor variables [5]. The mean, also referred to as the
‘SERIES MEAN (SMEAN), is computed as >, z;/n
where z; stands for the numerical covariate for patients
i=1,2, ...,n; with non-missing data points.

(i) Multiple Imputations by Chained Equations (MICE)
The approach imputes every missing data value us-
ing Q plausible values [13]. It is applicable under both
MCAR and MAR mechanisms. Multiple Imputation by
Chained Equations (MICE) mitigates potential selection
bias that may arise when cases with missing data are ex-
cluded from the dataset and reduces the likelihood of ob-
taining biased standard error estimates [5,6]. The mod-
ular implementation comprises three main steps: imput-
ing the missing data ¢ times, analyzing the ¢ imputed
datasets, and pooling the results. In the R statistical soft-
ware environment, MICE implements this workflow by
storing outputs in three specialized object classes: “mids”
(multiple imputed datasets), “mira” (multiple imputed re-
peated analyses), and “mipo” (multiple imputed pooled
results). The multiple imputation procedure follows this
structured framework [4], which consists of the following
three steps:

(a). Missing values are replaced () times to produce
the (Q completed datasets. (b). Then the @) datasets are
analyzed by usual statistical techniques. The results ob-
tained from analyzed () datasets are combined into one
M.I for the aim of making an inference. In this article,

the “mids” object contains five multiply imputed datasets
generated via chained equations. The “mira” object stores
the results obtained from the repeated analysis of these
five datasets using a logistic regression model, while the
“mipo” object pools the results from “mira” to produce
combined estimates for statistical inference. This process
is applied under simulation settings with missing propor-
tions of 0.15, 0.30, 0.45, and 0.60 under both MAR and
MCAR mechanisms.

(i) Expectation-Maximization via Bootstrapping (EMB)

In this approach, the multiple imputation process is
performed using a bootstrapping algorithm. It uses exist-
ing data having n observations to create new () samples of
size n with replacement. The expectation-maximization
(EM) algorithm can be summarized as follows: first, it
assumes a multivariate normal distribution and initializes
starting values for the mean vector (i) and the variance—
covariance matrix (X), which are subsequently used to
compute the expected value of the likelihood for the im-
putation model. The likelihood is then maximized, and
the model parameters are estimated and updated accord-
ingly. These steps are iteratively repeated until conver-
gence is achieved [13,14]. The practical implementation
of EMB in the R package (Amelia II) begins with boot-
strapping the incomplete dataset to generate multiple re-
sampled datasets. This is followed by the expectation-
maximization step applied to each bootstrapped sample
to obtain imputed datasets. The resulting datasets are
then analyzed separately using standard statistical meth-
ods, and the results are subsequently pooled to produce a
single consolidated estimate.

(iv) Predictive Mean Matching (PMM)

This multiple imputation method incorporates both
parametric and non-parametric strategies. In the paramet-
ric phase, Predictive Mean Matching (PMM) generates
predicted mean values for each observation in the dataset,
which are subsequently used to match complete and in-
complete cases. In the non-parametric phase, the nearest-
neighbor donor approach is applied, whereby missing
values are imputed using observed data points whose
predicted means are closest to those of the incomplete
cases [15] and [16]. The R program package ‘mice’ [17]
was used to perform five (5) PMM imputations.

2.3. Simulation Experiment

The experiment aimed to evaluate the effectiveness of
various methods of imputing covariates and classifiers
under different simulation. Simulations were generated
from a real breast cancer dataset of 693 cases, which
included both observed and missing variable values:
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X1, Xo, ..., Xg, representing the covariates, namely,
body mass index, age, respiratory rate, heart rate, body
surface area, and recurrence of breast cancer. The data
were generated using a fixed mean vector and covariance
matrix for each covariate, while varying the proportion
of missing values across the datasets (¢ = 1 : 4), varying
missing mechanisms (j = 1 : 2), and imputation methods
(k =1:4) producing a total of 4 x 2 x 4 = 32 simulation
conditions. The experimental design was implemented in
four steps: (i) generation of a complete dataset, (ii) intro-
duction of missingness (amputation), (iii) application of
imputation methods, and (iv) evaluation of the effective-
ness of the imputation techniques. In step (1), complete
datasets of each size N = 693 observations were gener-
ated from a multivariate normal distribution [18,19] with a
mean vector (u), and positive definite covariance (3 ) ma-
trix; archived by the application of the ‘mvrrnorm’ function
in the package ‘MASS’ [20] of the R statistical program.
Step 2 involved amputation, that is, introducing missing
values into the complete dataset generated in Step 1. This
involved creating incomplete data sets with varying pro-

Table I: Distribution of missing data values for all patients.

portions of missing values (0.15, 0.30, 0.45, and 0.60) and
two missingness mechanisms (MAR and MCAR). The R
function, ‘ampute’ [21] was used to perform the analy-
sis. Step 3 involved imputing the amputated datasets us-
ing the distinct imputation approaches. The function ‘am-
pute’ uses input values including the type of missingness
(‘type = MAR’ and ‘type = MCAR’) and missing prob-
ability (example, prop = 0.15).

2.4. Evaluation of Imputation Methods

The evaluation of the applied imputation methods focused
on two parameters—means and variances—using Root
Mean Squared Error (RMSE) across various simulation
conditions.

3. Results

Table 1 presents the frequency of missing values, the num-
ber of patients corresponding to each count of missing en-
tries, and the proportion of patients with missing values in
their records.

Missing Data Frequency Patients Affected by Missing Values  Percentage of Patients Affected by Missing Values

0 261 37.7
1 40 5.8
2 319 46.0
3 29 4.2
4 43 6.2
5 1 0.1

Total 693 100.0

It can be observed that 261 patients (37.7%) have no
missing values in their records, and only one subject (0.1%)
has five missing values across different variables. Forty
subjects (5.8%) have only one missing value from differ-
ent variables. The number of patients with only two miss-
ing values is 319 (46%). The number of patients with 3 and
4 missing values are 29 (4.2%) and 43 (6.2%), respectively.

In the absence of simulation (Table 2), the means
and their corresponding standard errors (SE) show mini-
mal variation across the imputed covariates. These values
exhibit only slight deviations from those obtained using
complete-case analysis, in which all observations contain-
ing at least one missing value were excluded.

The RMSE values (Table 3) for each imputation
technique increase as the proportion of missing data in-
creases under both MCAR and MAR mechanisms. This
pattern reflects a reduction in imputation efficiency as the
extent of missingness grows within the datasets. Among

the methods compared, Predictive Mean Matching (PMM)
yields the lowest RMSE values, recorded as 5.80 for sim-
ulated data with a 15% missing rate under the MAR mech-
anism and 7.50 for the non-simulated dataset.

Figure 1 indicates that, under the MAR mechanism,
both simulated and non-simulated data exhibit similar
trends in RMSE values across the applied imputation tech-
niques at a 15% missing rate. The results further demon-
strate that Predictive Mean Matching (PMM) outperforms
the other methods, as it achieves the lowest RMSE val-
ues. For the MCAR mechanism, both simulated and
non-simulated data exhibit highly similar trends across
the three multiple imputation-based techniques (MICE,
EMB, and PMM), with the exception of the series mean
(SMEAN) method, which produces substantially different
RMSE values. This finding indicates that SMEAN, as
a single imputation technique, is less effective compared
with multiple imputation-based approaches.
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Table 2: Mean and Standard Errors (SE) from imputation techniques as compared to the ones obtained without imputation, i.e.,

complete-case (C-C) analysis.

MEAN =+ SE for Each Covariate

Technique
Age Respiratory Rate Body Mass Index Body Surface Area
C-C 50.46 £ 0.50 20.84 +0.30 27.71 £ 0.30 1.69 £ 0.01
SMEAN 50.45 £0.49 20.84 £ 0.18 27.71 £0.21 1.69 £ 0.01
EMB 50.45 £0.49 20.47 £ 0.23 27.55+£0.27 1.70 £ 0.01
MICE 50.45 £0.49 20.79 £ 0.19 27.69 + 0.21 1.69 £ 0.01
PMM 50.46 £ 0.49 19.17 £ 0.21 27.85 +£0.24 391+£0.04

Table 3: RMSE for simulated versus non-simulated imputed data.

Imputation Missing Percentages of Simulated Missing Data 15% Non-
Technique Mechanism 15% 30% 45% 60% Sm]‘)‘:tz:ed
SMEAN MAR 6.4 10.4 11.2 12.8 8.4
MCAR 6.9 9.3 11.0 12.7 8.0
MAR 6.0 10.9 11.6 12.8 8.00
MICE MCAR 8.0 9.7 111 12.8 7.9
EMB MAR 6.0 11.1 10.8 13.0 8.1
MCAR 7.1 10.1 11.2 13.1 8.2
PMM MAR 5.8 10.8 11.3 12.7 7.5
MCAR 7.0 9.8 11.2 12.5 8.5
—l— Simulated data under MAR mechanism
- —@— Nonsimulated data under MAR mechanism
—A— Simulated data under MCAR mechanism
8.5 4 —¥— Nonsimulated data under MCAR mechanism
8 J
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Figure |: Average RMSE values for simulated versus non-simulated imputed data.

4. Discussion

The study aimed to compare the performance of vari-
ous imputation techniques using both real and simulated
breast cancer datasets containing missing values. Prior to

evaluating the accuracy of the imputation methods, the av-
erage RMSE was used to assess their performance in han-
dling missing data generated from simulated breast can-
cer datasets, considering various proportions of missing-
ness (0.15, 0.30, 0.45, and 0.60) under both MAR and
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MCAR mechanisms. Overall, it was observed that, in the
absence of simulation settings, the means and their corre-
sponding standard errors for each imputed covariate ex-
hibited minimal variation. These values show slight devi-
ations from those obtained through complete-case analy-
sis. A similar observation was reported in [22], which em-
phasized that imputation methods should demonstrate im-
proved performance relative to complete-case (CC) anal-
ysis. However, [23] examined the impact of selecting im-
putation methods, including PMM, in clinical datasets and
found that, in certain settings, complete-case analysis and
PMM may yield comparable performance.

As the proportion of missing values increases under
both MAR and MCAR mechanisms, the RMSE values for
all applied imputation methods also increase, indicating
a decline in imputation efficiency with higher levels of
missingness. Notably, Predictive Mean Matching (PMM)
emerges as the most efficient imputation technique, as it
yields the lowest RMSE values for simulated data with a
15% missing rate under the MAR mechanism, as well as
for the non-simulated dataset. This finding is consistent
with [24], which also identified Predictive Mean Match-
ing (PMM) as a highly effective imputation technique. It
is further supported by [25], which compared multiple im-
putation approaches and reported that PMM performed re-
liably across various modelling frameworks, including lin-
ear, logistic, and Cox regression models.

The Root Mean Square Error (RMSE) trends indi-
cate that Predictive Mean Matching (PMM) consistently
yields the lowest RMSE values, thereby outperforming
the other imputation techniques. Under the Missing
Completely at Random (MCAR) mechanism, both simu-
lated and non-simulated data exhibit similar RMSE trends
across multiple imputation methods—such as Multiple
Imputation by Chained Equations (MICE), Expectation-
Maximization with Bootstrapping (EMB), and PMM—
while the Series Mean Imputation (SMEAN) technique
results in substantially higher RMSE values. This sug-
gests that the series mean (SMEAN) method, as a single-
imputation approach, is less effective and may intro-
duce bias compared with multiple imputation-based tech-
niques [26]. This observation is further supported by [27],
which reported that SMEAN imputation can degrade the
performance of statistical estimation methods.

In summary, imputation techniques play a crucial
role in health research, particularly when missing values
arise from incomplete clinical records and loss to follow-
up. This is especially important for key missing covariates
such as tumor stage, among others. Accordingly, effective
imputation enhances the accuracy of statistical inference
and supports more reliable and informed clinical decision-
making.

5. Conclusions

Based on the study objectives and findings, the conclu-
sions are summarized in four key points. First, analysis of
real datasets demonstrates the impact of imputation on sta-
tistical inference, underscoring the importance of appro-
priate handling of missing data. Second, multiple imputa-
tion methods are generally preferred over single imputa-
tion approaches, as they provide valid estimates of uncer-
tainty and yield more reliable statistical inferences. Third,
simulated datasets with known missing-data mechanisms
enable the evaluation of how effectively different imputa-
tion methods recover true means and standard errors. Fi-
nally, Predictive Mean Matching (PMM) is identified as
one of the most effective imputation techniques for numer-
ical variables. Future research should integrate a broader
range of missing-data mechanisms in the prediction of sur-
vival outcomes for time-to-event datasets with incomplete
observations.
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