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Abstract 

Missing data frequently occur in research and if not properly addressed before analysis, can 

adversely affect the validity of findings. This article evaluates the efficiency of various 

imputation techniques as formal methods for replacing missing covariates’ data. Root Mean 

Squared Error (RMSE) were calculated for each missing data under mechanisms of MCAR 

and MAR to ascertain the method of imputation that yield lower values of RMSE under various 

simulation conditions. The results show that the RMSE for every applied imputation technique 

increased as proportional of missing data got increased under both MAR and MCAR 

mechanisms. Under MCAR mechanism, both simulated and non-simulated data provided quite 

similar trends for three multiple imputation-based techniques; Multiple Imputations Chained 

Equations (MICE), Expected Maximisation via Bootstrapping (EMB), and Predictive Mean 

Matching (PMM) except for single-based technique (Series MEAN) that yield RMSE values 

that substantially different. Amongst applied Multiple Imputations (MI) techniques, the PMM 

techniques yields the least values of RMSE 5.80 and 7.50, respectively for imputed simulated 

data with 15% missing rate under MAR mechanism and non-simulated data. The study 

indicates that when treating missing data, the utilization of multiple imputation techniques is 

preferable, as they address uncertainty and improve efficiency. It is recommended to compare 

findings from both imputed and original datasets to evaluate how missing data influences the 

analysis. For clarity, researchers should also present the means and standard errors for both 

imputed and non-imputed data. 

Keywords:  non-imputed data; imputation technique; missingness mechanisms, missing 

proportion, simulation-based analysis 

1. Introduction   

1.1 Background 

Missing data-values is common scenario in medical research, and they can impose inaccurate 

statistical inference when are not properly handled; in fact, ignoring missing values may result 
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biased estimates. Data can be missed owing to various reasons including computation, random 

errors with equipment or natural events such as death, non-response to unclear or sensitive 

questions in a survey and patients failing to attend clinical routine[1]. Most researchers often 

remove incomplete data values prior to analysis, an approach called complete case analysis 

(CCA). The approach excludes any data row that contains at least one missing value during 

statistical estimation and thus reducing statistical power and hence biasing the results[2]. A 

plausible way to treat this problem is to apply imputation technique. The techniques estimate 

and fill-in missing values to create a complete dataset [3].  

Imputation methods are mainly categorized as single (such as mean imputation, hot deck, k-

nearest neighbour imputations) or multiple imputations, like multiple imputations by chained 

equations, predictive mean matching, and expected-maximization via bootstrapping among 

others. Albeit these methods are used to replace missing values under different scenario, there 

is conclusive evidence to what approach is best under set of conditions such as missingness 

proportions, patterns, and mechanisms. Under these circumstances, simulation analysis plays 

a crucial role to check the suitability of imputation methods. 

Every data value in experiment or observation has a chance to be missing. The missing 

mechanisms are categorized as Missing Completely At Random (MCAR), Missing At Random 

(MAR), and Not Missing At Random (NMAR) [4]. Within MCAR mechanism, missing values 

neither depend on observed nor on unobserved values [5], [2]. For instance, MCAR data arises 

when a patient’s urine sample is accidentally dropped and broken, leading to missing laboratory 

results. Data are classified as MAR when the missing values depend solely on information that 

is already observed [2] [6], [7]. The reason for missing values is associated with patient 

behaviour that are known. E.g. of MAR data value is when a patient intentionally rejects to 

respond to an interview question, especially if a question is about personal privacy[5]. The 

NMAR data-value obtained when a distribution of data that has values rely on missing data. 

This indicates that missingness probability is related to behaviours that a researcher cannot be 

aware of[6]. Example: when a low-levelled education patient avoids answering questions that 

concerns his/her level educational status. 

1.2 Analysis gap 

Among most challenging issue prior to analysing many real-life datasets is the occurrence of 

missing values in covariates that are employed to predict or explain a particular outcome. 

Several imputation techniques for replacing missing data are available: however, there is no 

particular imputation method that is superior to the others due to various missing data 

probabilities and mechanisms surrounding the occurrence of missing data. Several studies have 

examined the performance of imputation methods across diverse datasets that include both 

numerical and categorical variables. In some situations, simulation studies have been applied 

to determine how sufficiently an imputation model performs under various conditions[8]. 

Examples of studies combining the imputation techniques with simulation settings from wide 

ranges of datasets including clinical aspects using both numerical and categorical covariates 

[9], [10], and [11] among others. In common, these studies conclude that imputation of missing 

data is essential and suitable for biomedical applications where accurate predictions are crucial 

especially when missing data is unavoidable, no single imputation method is generally best, 

and a model performance metric is needed to yield unbiased results. 

However, according to our current understanding, none of them has specifically focused on 

comparing the efficiency of imputation techniques on numerical covariates based on original 

(non-simulated) and simulated datasets under various percentages of missing data and missing 
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mechanisms. Based on mentioned works, this study intends to compare statistical imputation 

approaches using real and simulated datasets with 0.15, 0.30, 0.45, and 0.60 proportions of 

missing values under missingness mechanisms of MAR and MCAR to ascertain how consistent 

each applied imputation techniques are across various scenario of datasets. For the rest of the 

work, Section 2 desribes methodological approach of the paper, Sections 3 and 4 present the 

findings and discussion of the study respectively, while Section 5 provides conclusions of the 

study. 

 Methodology 

2.1 Study design, Study area, and data description 

The study uses both real and simulated (with covariate containing varying percentages of 

missing values) breast cancer datasets, each having 693 observations. Actual female breast 

cancer data were obtained from medical records at Muhimbili National Hospital and Ocean 

Road Cancer Institute (ORCI) in Tanzania, duration from January 2015 to December 2020. 

Inclusion criteria for study patients were female gender diagnosed with breast cancer, and 

received treatement at least once. 

The covariates included were respiratory rate (breaths per minute), Body Mass Index (BMI, in 

kg/m²), patient age (in years), and Body Surface Area (BSA, in m²). 

2.2 Imputation techniques 

Various imputation methods exist for handling missing values across different types of 

datasets; however, considering the characteristics of the current data (non-longitudinal with 

numerical and continuous covariates) and study purpose, this article used the statistical-

oriented techniques include mean imputation, multiple imputations by expectation-

maximisation via bootstrapping, multiple imputations by chained equations, and predictive 

mean matching to meet the study’s aim. A brief overview of each technique is provided below, 

as an in-depth discussion of their mathematical details falls outside the scope of this article. 

(i). Imputation by Mean:  Via this approach, missing values are substituted by the mean score 

of known values for that variable[2], [9], [12]. This method is plausible when the percentage 

of missing values is small, and the sample sizes are not large. A lower amount of missing data 

results in a smaller effect on the overall variance estimate, thereby providing a more accurate 

reflection of the true association between the response and predictor variables [5]. The mean, 

also referred to as the ‘SERIES MEAN (SMEAN), is computed as ∑ 𝑥𝑖/𝑛𝑛
𝑖=1  where 𝑥𝑖 is stands 

the numerical covariate for patients 𝑖 = 1,2, … , 𝑛; with non-missing data points.  

(ii). Multiple Imputations by Chained Equations (MICE): The approach imputes every 

missing data value using Q plausible values [13]. It is applicable under both MCAR and MAR 

mechanisms. MICE minimize potential selection bias that could arise whenever the cases 

containing missing data were not included from the dataset and reduces the probability of 

obtaining biased standard errors [5], [6].  The modular implementation involves three main 

procedures: imputing the missing data q times, analysing the q imputed datasets, and combining 

the results. In R statistical software, MICE execute these steps by storing outputs in three 

specialized classes: “mids (multiple imputed datasets)”, “mira (multiple imputed repeated 

analyses)”, and “mipo (multiple imputed pooled results)”. The process of multiple imputations 

follows this structured framework[4] involves the following three steps, namely:  

(a). Missing values are replaced 𝑄 times to produce the 𝑄 completed datasets. (b). Then the 𝑄 

datasets are analysed by usual statistical techniques. The results obtained from analysed 𝑄 

datasets are combined into one M.I for the aim of making inference. In this article, the class 
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‘mipo’ contains 5 multiply imputed data sets via chained equations, ‘mira’ stores the results of 

repeatedly analysed 5 datasets via logistic regression model, and ‘mipo’ combines or pools the 

obtained results in ‘mira’ to yield an average result to be used for inferences under simulation 

case for 0.15, 0.30. 0.45, and 0.60 of missing values with MAR and MCAR missing 

mechanisms. 

(iii). Expectation-Maximization via Bootstrapping (EMB):  In this approach, multiple 

imputation process is performed based on bootstrapping algorithm. It uses existing data having 

𝑛 observations to create new 𝑄 samples of size 𝑛 with replacement. The expectation-

maximization (EM) algorithm is summarized as follows: Firstly, it utilises multivariate normal 

distribution and create starting values for mean, µ and variance-covariance matrix, ∑ which 

are later used to compute expected value for likelihood of imputation model. The likelihood is 

then maximised, and model’s parameters are estimated and updated. The steps are repeated 

several times to reach convergence of the values [13], [14]. The practical implementation of 

EMB in R program (Amelia II) began with bootstrapping an incomplete dataset to generate 

several bootstrapped datasets, followed by expected-maximisation stage of these data which 

were then the imputed and analysed separately by standard statistical method, and the results 

were pooled to yield single results. 

(iv). Predictive Mean Matching (PMM) 

This multiple imputation method incorporates both parametric and non-parametric strategies. 

In parametric phase, PMM generates a predicted mean value for every observation in the 

dataset, which is later applied to pair complete and incomplete cases. In non-parametric phase, 

the Nearest Neighbour Donor techniques is applied, where the missing value is imputed using 

the observed data point whose predictive mean is closest to that of the missing case [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 numerous simulation scenarios. Simulations were generated from a real 

breast cancer dataset of 693 cases, which included both observed and missing variable values: 

𝑋1, 𝑋2, … , 𝑋6, representing the covariates, namely; body mass index, age, respiratory rate, heart 

rate, body surface area, and recurrence of breast cancer. Data were created using fixed mean 

vector and covariance matrix for each covariate while changing the proportion of missing 

values in data sets (𝑖 = 1: 4), varying missing mechanisms (𝑗 = 1: 2), and imputation 

methods (𝑘 = 1: 4) producing a total of 4 × 2 × 4 = 32 simulation conditions. The 

experimental design was built in implemented 4 steps, namely, generate complete data dataset, 

Amputation, Imputations, and ‘Evaluate the effectiveness of method of imputation. In step (1) 

create complete datasets each of size 𝑁 = 693 rows of data from multivariate normal 

distribution[18], [19] with means vector (𝜇), and positive definite covariance (∑) matrix given 

below; archived by the application of ‘mvrnorm’ function in the package ‘MASS’[20]  of R 

statistical program. Step (2) ‘Amputation’ (i.e., making missing values from the complete data 

set, in step 1). This involved creating incomplete data sets with varying proportion of missing 

values: 0.15, 0.30, 0.45, and 0.60; and two missingness mechanisms (MAR and MCAR). The 

R function, ‘amput’[21] was used to perform the analysis. Third step (3) was to impute the 

amputee data sets using the distinct imputation approaches. The function ‘amput’ uses inputs 

values including type of missingness (‘𝑡𝑦𝑝𝑒 =MAR’ and ‘𝑡𝑦𝑝𝑒 =MCAR’) and missing 

probability (example, 𝑝𝑟𝑜𝑝 = 0.15). 

https://doi.org/10.x/journal.x.x.x
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2.4 Evaluation of imputation methods 

The evaluation of applied imputation methods was focused on two parameters; means and 

variances using Root Mean Squared Errors (RMSE) under various simulations conditions.  

3. Results  

The Table 1 shows frequency of missing values, number of patients with the count of missing 

values at each frequency and the proportion of patients having missing values in their records.

 

Table 1: Distribution of missing data values for all patients 

Missing data 

frequency  

Patients affected by 

with missing values 

Percentage of patients 

affected by missing values 

0 

1 

2 

3 

4 

5 

261 

40 

319 

29 

43 

1 

37.7 

5.8 

46.0 

4.2 

6.2 

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 (0.1%) subject has five missing values from different variables. Forty subjects (5.8%) have 

only one missing value from different variables. The number of patients with only two missing 

values is 319 (46%). The number of patients with 3 and 4 missing values are 29 (4.2%) and 43 

(6.2%) respectively. 

Table 2: Mean and Standard Errors (SE) from imputation techniques as compared to ones 

obtained without imputation, i.e., complete-case (C-C) analysis 

 

Technique 

MEAN ± SE for each covariate 

Age Respiratory rate Body Mass Index Body Surface Area 

C-C 

SMEAN 

EMB 

MICE 

PMM 

50.46±0.50 

50.45±0.49 

50.45±0.49 

50.45±0.49 

50.46±0.49 

20.84±0.30 

20.84±0.18 

20.47±0.23 

20.79±0.19 

19.17±0.21 

27.71±0.30 

27.71±0.21 

27.55±0.27 

27.69±0.21 

27.85±0.24 

1.69±0.01 

1.69±0.01 

1.70±0.01 

1.69±0.01 

3.91±0.04 

Under absence of simulation (Table 2), the means and their respective standard errors (SE) are 

not differing much for each imputed covariate. Their values are slightly deviate from the ones 

obtained when complete-case analysis (discarding all rows containing at least one missing 

values) were carried out.  

The values of RMSE (Table 3) for each imputation technique tend to increase as percentages 

of missing data are increased under both MAR and MCAR missing mechanisms. This reflects 

the reduction of efficiency of imputations as missing proportions increase in datasets. The 
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PMM techniques yields the least values of RMSE 5.80 and 7.50, respectively for imputed 

simulated data with 15% missing rate under MAR mechanism and non-simulated data. 

 

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

Imputation 

technique 

Missing 

mechanism 

Percentages of simulated missing data 15% non-

simulated data 15% 30% 45% 60% 

SMEAN 

 

MICE 

 

EMB 

 

PMM 

MAR 

MCAR 

MAR 

MCAR 

MAR 

MCAR 

MAR 

MCAR 

6.4 

6.9 

6.0 

8.0 

6.0 

7.1 

5.8 

7.0 

10.4 

9.3 

10.9 

9.7 

11.1 

10.1 

10.8 

9.8 

11.2 

11.0 

11.6 

11.1 

10.8 

11.2 

11.3 

11.2 

12.8 

12.7 

12.8 

12.8 

13.0 

13.1 

12.7 

12.5 

8.4 

8.0 

8.00 

7.9 

8.1 

8.2 

7.5 

8.5 

Figure 1 indicates that, under MAR mechanism both simulated and no-simulated data yield 

similar trends of RMSE values over imputation techniques performed at 15% missing rate. The 

trend shows that PMM outperformed the remaining technique as it attains lowest values of 

RMSE. For the MCAR mechanism, both simulated and non-simulated data provided very 

similar trends for three multiple imputation-based techniques (MICE, EMB and PMM) except 

for the SMEAN that results in RMSE values that substantially different. This indicates that the 

SMEAN (a single imputation-based) technique is less effective compared to the multiple-

imputation based techniques.  

 

Figure 1: Average RMSE values for simulated versus non-simulated imputed data 

https://doi.org/10.x/journal.x.x.x


Computing&AI Connect 

2026, Vol. 3 
doi:10.x/journal.x.x.x 

 

 

4. Discussion  

The study intended to compare performance of various imputation techniques based on real 

and simulated breast cancer datasets containing missing values. Prior to evaluating the accuracy 

of the imputation methods, the average RMSE was used to assess their performance in handling 

missing data generated from simulated breast cancer datasets, considering various proportions 

of missing values (0.15, 0.3, 0.45, and 0.60) and mechanisms values (MAR and MCAR). 

Overall, it was observed that, without the influence of simulation settings, the means and their 

associated standard errors for each imputed covariate showed minimal variation. These values 

show slight deviations from those obtained through complete-case analysis. Similar 

observation was obtained from [22]  which emphasized that imputations should improve over 

C-C technique; however, [23] assessed the impact of selecting imputation methods including 

PMM in clinical data and found that in some settings the methods (CCA and PMM) are 

performing similarly. 

With increasing percentages of missing values under mechanisms of MAR and MCAR, the 

RMSE values for all applied methods of imputation also increase, reflecting a decline in 

imputation efficiency as the proportion of missing data grows.  Notably, the Predictive Mean 

Matching (PMM) most efficient imputation technique as it yields the lowest RMSE values for 

imputed simulated data with a 15% missing rate under the MAR mechanism and for non-

simulated missing data. This finding is in line with [24] which also found PMM as most 

plausible imputation technique and also supported by [25] who compared imputation 

techniques and found that PMM was plausible in models including linear, logistic, and Cox 

regression. 

The Root Mean Square Error (RMSE) trends indicate that Predictive Mean Matching (PMM) 

consistently achieves the lowest RMSE values, outperforming other imputation techniques. 

Under the Missing Completely at Random (MCAR) mechanism, both simulated 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 Single Mean Imputation (SMEAN) technique 

results in substantially higher RMSE values. This suggests that SMEAN, being a single 

imputation method, is less effective and can produce bias or compared to multiple imputation-

based techniques [26]. This observation is also in line with [27] who claimed that series mean 

(SMEAN) imputation degrades the performance of estimation methods. 

To sum up the discussion, imputation techniques play important role in health research, when 

missing values obtained from incomplete clinical records or/and loss to follow-up. This is 

crucial for missing covariates like tumor stage among others. Therefore, a successful 

imputation process improves accuracy of statistical inferences and results in informed clinical 

decisions’ 

5. Conclusions 

Based on study under objectives and findings, the article’s conclusions are focused on four 

points: first, analysing real datasets demonstrates how imputation affects statistical inferences, 

highlighting the importance of appropriate handling of missing data; second, multiple 

imputation methods are generally favoured over single imputation approaches, as they provide 

valid estimates of uncertainty, leading to more reliable statistical inferences; third, simulated 

datasets with known missing data mechanisms enable the assessment of how well different 

imputation methods recover true means and standard errors; and, predictive mean matching 
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has been identified as one of the most effective imputation techniques for numerical variables. 

With respect to the current study, further research should focus on combination of a range of 

missing mechanisms on predicting survival outcomes for missing time-to-event datasets. 
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