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Abstract
In clinical research, median substitution remains widely used for handling missing data despite its
known tendency to compress variance and distort distributions. We compared median imputation, k-
nearest neighbours (KNN), and multiple imputation by chained equations with predictive mean matching
(MICE/PMM) on two independent clinical cohorts: a lung transplantation registry (n = 408; 52 continuous
variables; 0.2–77.9% missingness) and an acute myocardial infarction dataset (n = 1700; 18 continuous
variables; 0.24–63.29% missingness). Distributional fidelity was assessed using the Kolmogorov–
Smirnov D-statistic, and multivariate structural preservation was quantified through correlation matrix
comparison. KNN achieved the lowest mean KS statistics in both cohorts (0.036 and 0.032) compared
with median imputation (0.076 and 0.074) and MICE (0.111 and 0.123). The proportion of variables with
meaningful distortion (D > 0.10) was 9.6–11.1% for KNN, 22.2–25.0% for median, and 34.6–38.9% for
MICE. KNN also showed the shallowest increase in distortion with increasing missingness. Multivariate
correlations were well preserved by KNN and median imputation but substantially altered by MICE. KNN
preserved the statistical structure of clinical data more closely than median substitution, with
performance comparable to MICE, while requiring considerably less methodological specification.

1. Introduction
Missing data are a persistent feature of clinical and biomedical research, arising from incomplete data
entry, missed assessments, equipment failure, loss to follow-up, non-response, or fields that are routinely
left blank in clinical registries and electronic health records. The amount and pattern of missingness can
materially affect the validity, precision, and reproducibility of downstream statistical analyses, and
inadequate handling of missing values is a well-documented source of bias and reduced statistical
power in observational research [1].

Methodological frameworks for the principled handling of missing data have been available for decades,
including Rubin’s classification of missingness mechanisms missing completely at random (MCAR),
missing at random (MAR), and missing not at random (MNAR) together with the corresponding
analytical recommendations [2, 3]. Notwithstanding this body of methodological guidance, single
imputation by the mean or median of the observed values remains one of the most frequently applied
strategies in applied clinical research. Its persistence is largely attributable to its conceptual simplicity,
minimal computational burden, and its availability as a default option in widely used statistical software
[1, 3]. However, mean or median substitution is known to systematically reduce the variance of the
imputed variable, distort its marginal distribution (typically by increasing the density of values around the
central tendency), and attenuate the covariance and correlation structure between variables, because an
identical value is assigned to every missing observation irrespective of each subject’s individual
covariate profile [2, 3]. Simulation studies have confirmed this effect empirically: under both MCAR and
MAR scenarios, mean substitution produces downwardly biased standard errors because all substituted
values are centred on the same global estimate, resulting in a narrower distribution than that of the true
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underlying data, whereas multiple imputation recovers the original parameters and their associated
uncertainty [4].

Multiple imputation by chained equations (MICE), implemented through fully conditional specification
with univariate imputation models such as predictive mean matching (PMM), is widely regarded as a
methodological reference standard, since it propagates the uncertainty associated with each imputed
value and better preserves the joint distribution of the observed data [5]. From a theoretical standpoint,
multiple imputation is preferable to both complete-case analysis and single imputation under any
missingness mechanism, including MNAR, because it at least captures the dependencies of the missing
data on observed variables; moreover, the predictive mean matching variant of fully conditional
specification is particularly robust to violations of normality, as it imputes actually observed donor
values rather than model-derived predictions [6]. Nevertheless, the practical implementation of MICE
requires the specification of conditional imputation models for every variable, an adequate choice of the
number of imputations and iterations, and a level of statistical expertise that may not always be readily
available in applied clinical settings, particularly when working with small- to moderate-sized single-
centre datasets [3, 5].

Between these two poles, k-nearest neighbours (KNN) imputation offers an intermediate, instance-
based, non-parametric alternative. The algorithm was originally proposed for estimating missing values
in DNA microarray data [7, 8], and most subsequent evaluations have been conducted in genomic or
high-dimensional settings where missingness is primarily technical (failed probes, below-threshold
signals) and the number of variables far exceeds the number of samples. Clinical datasets present a
different challenge. They typically contain tens rather than thousands of variables, sample sizes are
moderate, and the patterns of missingness reflect clinical workflows (unrequested laboratory tests, loss
to follow-up, incomplete registries) that are often associated with disease severity or treatment
decisions [9, 10]. Under these conditions, a MAR mechanism is more plausible than MCAR, which makes
the choice of imputation strategy particularly consequential. KNN estimates each missing value from the
weighted values of the most similar complete observations according to a chosen distance metric.
Because each estimate is conditioned on the multivariate profile of comparable subjects rather than on a
single global summary, KNN has the potential to preserve both marginal distributions and pairwise
correlations more faithfully than median substitution, while requiring less specification than MICE.
Comparative evaluations in clinical datasets have reported competitive performance of KNN relative to
MICE, with considerably lower implementation complexity [11, 12].

Most of these comparisons, however, have measured the downstream impact of imputation on
predictive model performance (discrimination, calibration of risk scores) rather than on the statistical
structure of the dataset itself: the univariate distributions of individual variables and the multivariate
correlations among them [11, 12]. This distinction matters for applied clinical research. Many analyses in
observational studies, including descriptive epidemiology, exploratory correlation analysis, and
dimensionality reduction, depend directly on the fidelity of these distributional properties. A clinician
analysing a single-centre registry does not typically need a tuned predictive model; what is needed are
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reliable descriptive statistics and undistorted relationships between variables. Whether KNN imputation
preserves these properties in clinical datasets with the characteristic patterns of workflow-driven
missingness has not been directly evaluated.

We designed this study to directly compare median imputation, KNN, and MICE/PMM on two
independent clinical cohorts, focusing on their ability to preserve univariate distributions and the
multivariate correlation structure of the data as originally collected. Our intent is not to declare KNN
optimal in an absolute sense. The question we ask is more specific: does median imputation, still the
default in many applied settings, distort the structure of clinical data to a greater extent than KNN? And if
so, how closely does KNN approximate the results obtained with MICE? We analysed a single-centre lung
transplantation registry and a publicly available acute myocardial infarction dataset (used for external
validation), evaluating each method at both the univariate and multivariate levels.

2. Materials and methods

2.1. Study design and rationale
A methodological comparative study was conducted to evaluate the ability of different missing-data
imputation strategies to preserve the statistical structure of real-world clinical datasets. This is an
applied methodological study based on real-world biomedical data, not a study of algorithm
development. Two independent observational datasets from different medical domains were analysed to
assess the robustness and generalizability of the findings.

The objective was to compare the extent to which three missing-data imputation strategies, median
substitution, k-nearest neighbours (KNN) imputation, and multiple imputation by chained equations
(MICE) with predictive mean matching (PMM) preserved (i) the original univariate distributions and (ii)
the multivariate correlation structure of two independent, real-world incomplete clinical datasets. Median
imputation was treated as the primary comparator, representing a simple strategy that remains widely
used in applied clinical research; KNN imputation was the principal method under evaluation; and
MICE/PMM served as a secondary methodological reference, used to assess whether KNN
approximated the results obtained with a method considered a standard of reference in the literature [5].

2.2. Data sources

2.2.1. Primary dataset: lung transplantation cohort
The primary dataset comprised a retrospective, single-centre cohort of 408 lung transplant recipients
treated at a tertiary referral centre. The original database included 193 variables, comprising
demographic characteristics, pre-transplant clinical data, donor information, intraoperative variables,
postoperative outcomes, and follow-up data. After preprocessing, the analytical dataset contained 408
observations and 191 variables, including 66 numeric continuous variables, of which 52 contained at
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least one missing observation and were therefore included in the comparative evaluation of imputation
methods. Missingness among these 52 variables ranged from 0.2% to 77.9%.

2.2.2. Secondary dataset: acute myocardial infarction
cohort (external validation)
The secondary dataset was a publicly available cohort of patients with acute myocardial infarction
complications [13], comprising 1700 observations. After preprocessing and restoration of variable
coding according to the original data dictionary, the analytical dataset contained 94 variables,
comprising 18 numeric continuous variables and 76 categorical variables. All 18 numeric variables
contained at least one missing observation and were included in the imputation analyses; missingness
ranged from 0.24% to 63.29%. This dataset was used exclusively as an independent external validation
of the findings obtained in the primary cohort and was not used for any clinical inference regarding lung
transplantation.

2.3. Data preprocessing
Preprocessing procedures were standardized across both datasets. Variables used exclusively as
patient identifiers were removed before any analysis. Numeric variables with more than 80% missing
observations were excluded, because reliable imputation cannot reasonably be expected under such
extreme levels of incompleteness; this criterion led to the exclusion of one variable in each dataset
(postoperative ECMO duration in the lung transplantation cohort, and one numeric variable in the
myocardial infarction cohort).

Categorical variables were retained in both datasets but were not subjected to imputation themselves.
Instead, missing values in categorical variables were recoded as an additional category labelled
“Unknown”, preserving the original sample size and allowing these variables to contribute as auxiliary
predictors in the multivariate imputation procedures, without introducing artificial assumptions regarding
their underlying distribution.

2.4. Variable selection for the comparative evaluation
The comparative evaluation of imputation methods was restricted to numeric continuous variables
containing at least one missing observation in each dataset (52 of 66 numeric variables in the lung
transplantation cohort; all 18 numeric variables in the myocardial infarction cohort). This restriction
follows directly from the study’s central objective, namely to assess the preservation of continuous
univariate distributions and of the correlation structure among continuous variables, rather than the
imputation of categorical fields.

2.5. Assessment of the missing-data mechanism
The pattern of missingness was initially explored by quantifying the amount and proportion of missing
observations for each numeric variable; these proportions were presented in tabular form and visualized
using missingness heatmaps for both datasets.
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To assess whether the observed pattern of missingness was consistent with a completely random
mechanism, Little’s test for Missing Completely at Random [14, 15] was applied to the full set of
continuous variables in each dataset, implemented through the naniar package in R. A statistically
significant result (p < 0.05) was interpreted as evidence against the MCAR assumption, suggesting that
the missingness was at least partly dependent on observed covariates and thus consistent with a
Missing at Random (MAR) mechanism.

Given the observational nature of the datasets, subsequent analyses were conducted under the
assumption of a predominantly MAR mechanism. No formal distinction between MAR and MNAR was
attempted, as such a distinction cannot be verified from observed data alone [2, 3, 6].

2.6. Imputation methods
Three imputation strategies, representing different levels of methodological complexity, were evaluated
and compared.

2.6.1. Median imputation
For each continuous variable, missing values were replaced by the median of the observed values for
that variable. This deterministic, single-value approach was treated as the primary comparator,
representing a simple imputation strategy that remains widely used in applied clinical research due to its
simplicity and ease of implementation [1, 3].

2.6.2. K-nearest neighbours (KNN) imputation
KNN imputation was performed using the kNN() function from the VIM package in R [16], applied to the
numeric continuous variables identified in Section 2.4. Distances between observations were computed
using Gower’s distance, the default metric of the VIM implementation, which internally rescales each
variable by its range; no prior standardization was therefore applied. Missing values were estimated from
the five most similar cases (k = 5), identified according to the multivariate structure of the dataset. The
value k = 5 was selected as the default of the VIM implementation and is consistent with the values most
commonly used in clinical datasets of moderate dimensionality;[7, 11, 12] no optimization of k was
performed, as the objective of this study was to evaluate the method under standard conditions rather
than to tune its performance. The parameter imp_var = FALSE was used to avoid creating auxiliary
indicator variables during the imputation process, and a fixed random seed (set.seed(123)) was applied
to ensure reproducibility. KNN imputation constituted the principal method evaluated in this study.

2.6.3. Multiple imputation by chained equations (MICE)
with PMM
As a secondary methodological reference, missing values were additionally imputed using MICE under a
fully conditional specification, implemented with the mice package in R (version 3.16.0) [5]. Only numeric
variables containing missing values were imputed, while all other variables were left unchanged.
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Predictive mean matching (PMM) was selected as the univariate imputation model for continuous
variables because it preserves plausible observed values and avoids unrealistic extrapolation [5, 6]. Five
multiply imputed datasets (m = 5) were generated using 10 iterative cycles (maxit = 10), with a fixed
random seed (seed = 123).

Unlike the median and KNN approaches, which each produced a single completed dataset, MICE
generated five independently completed datasets. Each evaluation metric described in Section 2.7 was
calculated separately on each of the five imputed datasets, treating each as a standalone completed
dataset, exactly as would be obtained by a researcher selecting any single imputation for downstream
analysis and the resulting values were averaged across imputations to obtain a single summary estimate
per variable and per metric. This approach evaluates the expected distributional fidelity of a typical
MICE-completed dataset, rather than the pooled inferential properties for which MICE was originally
designed [5, 17].

MICE/PMM was not the primary objective of this study; rather, its purpose was to determine whether
KNN produced results sufficiently close to those obtained with a method generally considered a
reference standard in the missing-data literature.

2.7. Evaluation of the effect of imputation
The performance of the three imputation methods was assessed by comparing each completed dataset
with the corresponding original dataset using several complementary approaches. For median and KNN
imputation, each metric was calculated directly on the single completed dataset produced by that
method; for MICE/PMM, each metric was calculated separately on each of the five imputed datasets and
then averaged across imputations, as described in Section 2.6.3.

2.7.1. Preservation of univariate distributions (primary
outcome)
For each continuous variable and each imputation method, four descriptive statistics: mean, median,
standard deviation, and interquartile range (IQR), were calculated before and after imputation, and the
relative error was computed as: Relative error (%) = 100 × |S_imputed − S_original| / |S_original|, where S
denotes the corresponding summary statistic.

Distributional similarity was additionally assessed using the two-sample Kolmogorov–Smirnov (KS)
statistic (D), which quantifies the maximum difference between the empirical cumulative distribution
functions of the original and imputed data and ranges from 0 (identical distributions) to 1 (no overlap);
lower values indicate greater distributional similarity. For each method, the mean, median, and maximum
KS statistic across variables were summarized, together with the proportion of variables exceeding a
predefined threshold (D > 0.10), which was adopted as the primary outcome of the study. The D-statistic
was preferred over the KS p-value as the primary metric because, in large samples, even trivially small
distributional shifts can reach statistical significance, whereas the D-statistic provides a scale-
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independent measure of effect size [2]. The variables showing the largest KS distances were identified
for each method, and representative density plots were generated for variables with low, moderate, and
high proportions of missing data.

2.7.2. Effect of increasing missingness
To evaluate the influence of missingness severity on imputation performance, the KS statistic for each
variable was related to its percentage of missing observations. Spearman correlation coefficients were
calculated to assess the monotonic association between missingness and distributional distortion.
Simple linear regression models were additionally fitted separately for each imputation method, using
the KS statistic as the dependent variable and the proportion of missing values as the independent
variable; the regression slope was interpreted as the expected increase in distributional distortion for
each additional 1% increase in missingness.

2.7.3. Preservation of the multivariate correlation structure
(secondary outcome)
For each dataset, pairwise Spearman correlation matrices among continuous variables were computed
using (i) the originally observed data (pairwise complete observations) and (ii) the completed datasets
obtained after median imputation, KNN imputation, and MICE/PMM. Matrices were visualized as
heatmaps, and matrix similarity was quantified by computing the Spearman correlation between the
vectorized upper-triangular portions of the original and imputed matrices. The mean absolute error
(MAE), root mean square error (RMSE), and maximum absolute difference between corresponding
correlation coefficients were also calculated, with lower values indicating better preservation of the
original correlation structure.

2.7.4. Secondary comparison with MICE
As a secondary analysis, the results obtained with KNN imputation (univariate KS statistics and
multivariate correlation-preservation metrics) were compared descriptively with those obtained using
MICE/PMM, in order to assess whether KNN approximated the reference standard despite its
substantially simpler implementation. This comparison was not intended to test the superiority of either
method, but to evaluate the practical equivalence of KNN as an accessible alternative to MICE.

2.7.5. Comparison across datasets
The findings obtained from the two cohorts were compared narratively to assess the consistency and
generalizability of the results. This comparison consisted of contrasting the relative ranking and overall
pattern of performance of the three imputation methods between the lung transplantation and
myocardial infarction cohorts, rather than applying a separate statistical test.

2.8. Statistical software
All analyses were performed using R version 4.3.2 and RStudio version 2026.05.0 + 218 (R Foundation
for Statistical Computing, Vienna, Austria). Data manipulation and preprocessing were conducted using
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the tidyverse ecosystem (version 2.0.0), and janitor (version 2.2.0) was used for variable name
standardization. Missing-data visualization and MCAR testing were performed with naniar (version
1.0.0). Median imputation was implemented using base R functions, KNN imputation was performed
with the VIM package (version 6.2.2) [16], and multiple imputation by chained equations was carried out
with the mice package (version 3.16.0) [5]. Correlation analyses, descriptive summaries, and graphical
representations were generated using standard R functions and the ggplot2 package (version 3.4.4);
tables were created using the flextable (version 0.9.4) and officer (version 0.6.3) packages. Two-sided
statistical tests were used throughout, with statistical significance set at p < 0.05.

3. Results

3.1. Dataset characteristics and missing-data patterns
The characteristics of both analytical datasets are summarized in Table 1. The lung transplantation
cohort comprised 408 patients and 191 variables after preprocessing, including 66 numeric continuous
variables, of which 52 (78.8%) contained at least one missing observation. Missingness ranged from
0.2% (baseline serum creatinine, donor PaO₂/FiO₂ ratio) to 77.9% (pulmonary artery systolic pressure by
echocardiography). Ten variables had more than 30% missing values, and five exceeded 50%. One
variable (postoperative ECMO duration) surpassed the predefined 80% exclusion threshold and was
removed before imputation.

Table 1
Summary of dataset characteristics.

Characteristic Lung transplantation Myocardial infarction

Patients (n) 408 1700

Total variables after preprocessing 191 94

Numeric continuous variables 66 18

Variables with ≥ 1 missing value 52 (78.8%) 18 (100%)

Range of missingness (%) 0.2–77.9 0.24–63.29

Variables with > 30% missing 10 2

Little’s MCAR test p < 0.001 p < 0.001

The myocardial infarction cohort comprised 1700 patients and 94 variables after preprocessing,
including 18 numeric continuous variables, all of which contained at least one missing observation.
Missingness ranged from 0.24% (previous myocardial infarction) to 63.29% (systolic and diastolic blood
pressure at emergency medical service arrival). The distribution of missing values across numeric
variables for both cohorts is shown in Fig. 1; variable-level missing data profiles are provided in
Supplementary Tables S1 and S2.
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Little’s MCAR test rejected the assumption of completely random missingness in both datasets (lung
transplantation: χ² = 46,697.18, df = 17,433, p < 0.001; myocardial infarction: χ² = 2784.5, df = 2159, p < 
0.001). All subsequent analyses were conducted under a predominantly MAR framework, acknowledging
that MNAR mechanisms cannot be entirely excluded.

3.2. Preservation of univariate distributions

3.2.1. Relative error analysis
Mean relative errors for four descriptive statistics (mean, median, standard deviation, and interquartile
range) are presented in Table 2 for both cohorts. Across both datasets, KNN consistently showed the
lowest relative errors for measures of variability (standard deviation and interquartile range), while
maintaining low errors for the mean. Median imputation preserved the median exactly by construction
but introduced substantially larger distortions in measures of dispersion, with mean relative errors for
the interquartile range of 26.2% and 20.8% in the lung transplantation and myocardial infarction cohorts,
respectively. MICE exhibited the largest relative errors overall, particularly for the standard deviation
(31.0% and 24.3%) and interquartile range (38.0% and 42.4%).

Table 2
Mean relative error (%) of descriptive statistics across numeric variables after imputation.

Statistic Median KNN MICE Median KNN MICE

Mean 1.19 1.15 8.19 1.45 1.20 6.38

Median 0.00 1.17 3.66 0.00 6.45 7.67

Standard deviation 8.89 6.39 31.04 8.77 6.43 24.29

Interquartile range 26.19 10.74 38.01 20.79 11.20 42.39

Note: Columns 2–4 correspond to the lung transplantation cohort; columns 5–7 to the myocardial
infarction cohort. Relative error was calculated as 100 × |S_imputed − S_original| / |S_original|. KNN, k-
nearest neighbours; MICE, multiple imputation by chained equations with predictive mean matching.

3.2.2. Distribution comparison
Representative density plots comparing the original and imputed distributions for variables with low,
moderate, and high proportions of missing data are shown in Fig. 2. In both cohorts, all imputation
methods produced distributions nearly indistinguishable from the original for variables with minimal
missingness (baseline serum creatinine, 0.2% missing; age, 0.5% missing). As the proportion of missing
data increased, differences became more pronounced: median imputation generated a visible
concentration of observations around central values, reducing variability; KNN more closely preserved
the shape of the original distribution; and MICE produced broader distributions with noticeable shifts in
location for some variables.

3.2.3. Kolmogorov–Smirnov analysis
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The KS statistic was used to quantify the similarity between the original and imputed distributions for
each numeric variable. Results are summarized in Table 3 for both cohorts; the variables with the largest
KS statistics for each method are reported in Supplementary Tables S3 and S4.

Table 3
Summary of Kolmogorov–Smirnov statistics by imputation method and dataset.

Method Mean
D

Median D Max D % D > 
0.10

Mean
D

Median D Max D % D > 
0.10

KNN 0.036 0.016 0.249 9.6 0.032 0.024 0.135 11.1

Median 0.076 0.037 0.390 25.0 0.074 0.062 0.303 22.2

MICE 0.111 0.056 0.521 34.6 0.123 0.078 0.617 38.9

Note: Columns 2–5 correspond to the lung transplantation cohort; columns 6–9 to the myocardial
infarction cohort. Lower KS statistics indicate better preservation of the original distributions. KNN, k-
nearest neighbours; MICE, multiple imputation by chained equations.

KNN achieved the lowest mean KS statistic in both datasets (0.036 and 0.032, respectively), indicating
the closest agreement with the original distributions. Median imputation showed intermediate
performance (0.076 and 0.074), whereas MICE produced the largest deviations (0.111 and 0.123). The
proportion of variables with KS values exceeding 0.10 was 9.6% and 11.1% for KNN, 25.0% and 22.2% for
median imputation, and 34.6% and 38.9% for MICE, in the lung transplantation and myocardial infarction
cohorts, respectively. The maximum KS statistic was also consistently lowest for KNN (0.249 and 0.135)
compared with median (0.390 and 0.303) and MICE (0.521 and 0.617).

3.3. Effect of increasing missingness
A strong positive association was observed between the proportion of missing values and the
magnitude of distributional distortion for all three imputation methods in both cohorts (Fig. 3).
Spearman correlation coefficients ranged from 0.964 to 0.999 (all p < 0.001), indicating that variables
with higher proportions of missing data consistently experienced greater distributional distortion after
imputation, regardless of the method applied.

Linear regression models confirmed that the rate of increase in distributional distortion differed across
methods (Table 4). KNN showed the lowest regression slope in both datasets (0.0023 and 0.0021,
respectively), indicating the slowest increase in KS distortion per additional 1% of missing data. Median
imputation showed intermediate slopes (0.0048 and 0.0047), and MICE exhibited the steepest increase
(0.0062 and 0.0093). All models showed excellent goodness of fit (R² from 0.871 to 0.998).

Page 11/23



Table 4
Association between missingness and distributional distortion.

Method ρ Slope R² ρ Slope R²

KNN 0.985 0.0023 0.903 0.973 0.0021 0.990

Median 0.999 0.0048 0.998 0.993 0.0047 0.997

MICE 0.964 0.0062 0.871 0.969 0.0093 0.979

Note: Columns 2–4 correspond to the lung transplantation cohort; columns 5–7 to the myocardial
infarction cohort. The slope represents the expected increase in the KS statistic for each additional 1%
of missing values. ρ, Spearman’s correlation coefficient; KNN, k-nearest neighbours; MICE, multiple
imputation by chained equations.

3.4. Preservation of the multivariate correlation structure
Pairwise Spearman correlation matrices were computed for the original and imputed datasets in both
cohorts. Table 5 summarizes the similarity metrics for each imputation method.

Table 5
Preservation of the multivariate correlation structure after imputation.

Method Matrix r MAE RMSE Max
diff

Matrix r MAE RMSE Max
diff

KNN 0.971 0.022 0.040 0.357 0.986 0.017 0.034 0.188

Median 0.980 0.017 0.035 0.397 0.979 0.020 0.045 0.251

MICE 0.815 0.056 0.098 0.915 0.790 0.056 0.112 0.721

Note: Columns 2–5 correspond to the lung transplantation cohort; columns 6–9 to the myocardial
infarction cohort. Matrix r, Spearman correlation between the vectorized upper triangles of the original
and imputed correlation matrices; MAE, mean absolute error; RMSE, root mean square error; Max diff,
maximum absolute difference. KNN, k-nearest neighbours; MICE, multiple imputation by chained
equations.

In the lung transplantation cohort, median imputation achieved the highest matrix correlation with the
original structure (0.980), followed closely by KNN (0.971); both methods showed low MAE and RMSE
values. In the myocardial infarction cohort, KNN outperformed all methods, achieving the highest matrix
correlation (0.986), the lowest MAE (0.017), RMSE (0.034), and maximum absolute difference (0.188). In
both datasets, MICE produced substantially lower matrix correlations (0.815 and 0.790) and larger errors
across all metrics, indicating a greater alteration of the multivariate structure.

3.5. Cross-dataset consistency
The relative ranking of the three imputation methods was remarkably consistent across the two
independent cohorts. KNN achieved the lowest mean KS statistics and the shallowest regression slopes
in both datasets. Median imputation provided intermediate performance, and MICE produced the largest
alterations in both univariate distributions and multivariate correlation structures. This pattern held
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despite substantial differences in sample size (408 vs. 1700 patients), number of imputed variables (52
vs. 18), clinical domain, and missing-data profiles, suggesting that the observed performance
differences reflect intrinsic properties of the methods rather than idiosyncratic features of a single
dataset.

4. Discussion

4.1. Principal findings
This study compared median substitution, k-nearest neighbours (KNN), and multiple imputation by
chained equations with predictive mean matching (MICE/PMM) on their ability to preserve the statistical
structure of two independent real-world clinical datasets: a single-centre lung transplantation registry (n 
= 408; 52 continuous variables, 0.2–77.9% missingness) and a publicly available acute myocardial
infarction cohort (n = 1700; 18 continuous variables, 0.24–63.29% missingness). Across both datasets
and all evaluation criteria, KNN produced the closest approximation to the original observed distributions
and maintained the multivariate correlation structure with the lowest or near-lowest error. Median
substitution showed intermediate performance, distorting measures of dispersion while preserving
central tendency. MICE/PMM produced the largest distributional deviations in both cohorts, a finding
that is counterintuitive given its status as a reference method in the missing-data literature and which
requires careful contextual interpretation.

4.2. Median substitution: expected limitations confirmed
The limitations of median substitution observed here are consistent with well-established
methodological principles. Single-value substitution methods are known to be unbiased for central
tendency but systematically reduce variance and attenuate the covariance structure, because an
identical value is assigned to all missing observations regardless of each subject’s covariate profile [2,
17]. This theoretical prediction was confirmed empirically: median imputation yielded mean relative
errors for the interquartile range of 26.2% and 20.8% in the lung transplantation and myocardial
infarction cohorts, respectively, compared with 10.7% and 11.2% for KNN (Table 2). The KS statistic
confirmed moderate distributional distortion (mean D = 0.076 and 0.074), with the degree of distortion
increasing linearly with the proportion of missing data at a rate approximately twice that of KNN (slopes
of 0.0048 and 0.0047 vs. 0.0023 and 0.0021 per 1% additional missingness; Table 4). These findings
quantify why median substitution, despite its computational convenience and widespread use in applied
clinical research [18], produces systematically biased representations of continuous variables when
missingness exceeds trivial proportions.

4.3. Interpretation of MICE performance in the present
context
The observation that MICE/PMM produced the largest distributional deviations across both datasets,
despite being widely considered the methodological reference standard for missing-data imputation [2,
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17], is the most notable finding of this study.

Two distinct considerations are relevant to its interpretation. The first is methodological. MICE is
designed to produce valid inferences about population parameters by propagating the uncertainty
inherent in the imputation process across multiple completed datasets and pooling estimates following
Rubin’s combining rules [17]. Its primary objective is not to produce a single completed dataset that
closely resembles the observed data in terms of marginal distributions, but to yield unbiased parameter
estimates and valid standard errors for inferential analyses. In the present study, each of the five MICE-
completed datasets was evaluated individually as a standalone imputed dataset, exactly as would be
obtained by a researcher selecting any single imputation for downstream analysis, and the metrics were
then averaged. The reported results therefore reflect the expected distributional fidelity of a typical MICE
output, not an artefact of cross-imputation averaging. Nevertheless, the stochastic between-imputation
variability that is a deliberate feature of MICE in inferential contexts manifests as greater apparent
distributional distortion when each completed dataset is compared individually against the original
observed data, a scenario that is common in applied research where a single imputed dataset is used for
analyses that do not involve formal Rubin pooling [2].

The second consideration is empirical. The conditions prevailing in the datasets analysed here are
known to challenge MICE performance independently of the evaluation criterion. MICE operates by fitting
a series of univariate conditional regression models iteratively until convergence. When the number of
variables requiring simultaneous imputation is large relative to the available sample, as in the lung
transplantation cohort where 52 variables were imputed in 408 patients, specifying compatible
conditional models and achieving stable convergence become increasingly difficult [19, 20].
Furthermore, the robustness of MICE under high proportions of missing data is limited. A systematic
evaluation in longitudinal health indicator data demonstrated high robustness up to approximately 50%
missingness, with progressively increasing distortion between 50–70% and compromised reliability
beyond 70% [21]. Independent simulation evidence from cancer registry data has shown severe bias and
poor coverage in scenarios combining small sample sizes with substantial missingness proportions
[22]. In the present study, ten variables in the lung transplantation cohort exceeded 30% missing values
and five exceeded 50%, conditions that fall within the range where MICE performance has been
documented to degrade.

Notably, the underperformance of MICE relative to KNN persisted in the myocardial infarction dataset (n 
= 1700), where sample size constraints were less stringent and the number of imputed variables was
substantially smaller. The persistence of the same ranking in a larger dataset with lower overall
missingness suggests that the performance difference is not attributable solely to the extreme
conditions of the lung transplantation cohort but may also reflect the sensitivity of MICE to highly
skewed clinical variables and to the evaluation criterion employed.

These findings are consistent with previous reports. Li et al [12]. compared eight imputation methods in
a cardiovascular cohort of 10,164 subjects and found that KNN achieved the lowest MAE and RMSE,
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outperforming MICE, which ranked behind both KNN and random forest imputation. Joel et al [23].
reported that KNN ranked second only to missForest across multiple healthcare datasets and
missingness levels, consistently outperforming MICE. Hegde et al [24]. found MICE to perform poorly in
a clinical dataset with approximately 50% missingness, attributing this explicitly to the departure from
the 2.5–30% range where MICE is known to perform best.

4.4. Mechanistic basis for the distributional advantage of
KNN
The consistent advantage of KNN has a straightforward mechanistic explanation. Because each missing
value is estimated from the weighted profile of the k most similar complete observations (k = 5 in this
study), KNN inherently captures local multivariate structure and avoids the global smoothing that
characterizes single-value imputation. Unlike MICE, it does not require the specification of univariate
conditional regression models, does not rely on iterative convergence, and is less affected by a high
variable-to-sample ratio. Its non-parametric nature avoids distributional assumptions that may be
violated in clinical data, particularly for variables with skewed or bimodal distributions, precisely those
showing the largest KS statistics in the present study (TAPSE, pulmonary artery systolic pressure,
ischaemia durations).

The relationship between missingness and distributional distortion was notably shallower for KNN in
both datasets. Regression slopes of 0.0023 and 0.0021 per 1% additional missingness were
approximately half those of median imputation and less than a quarter of those for MICE (Table 4). This
resistance to progressive distortion is clinically relevant: in single-centre registries, variables such as
echocardiographic or haemodynamic measures collected only in selected patients routinely exceed 40–
60% missingness, and the choice of imputation method under these circumstances has a non-trivial
impact on the resulting data structure.

At the level of multivariate correlation structure, the results were more nuanced. In the lung
transplantation cohort, median imputation marginally outperformed KNN in terms of matrix correlation
(0.980 vs. 0.971), whereas in the myocardial infarction cohort KNN clearly outperformed all methods
(0.986 vs. 0.979 for median). The near-equivalence of KNN and median imputation for correlation
preservation in the first cohort reflects a known property of single-value imputation: by concentrating
values around the central tendency, median substitution may inadvertently preserve rank-based global
correlations even as it distorts marginal distributions [2]. This dissociation between univariate and
multivariate metrics reinforces the importance of evaluating imputation methods across complementary
criteria rather than relying on a single summary measure.

4.5. Consistency across datasets
The relative ranking of the three methods was remarkably stable across two cohorts from different
clinical domains, different sample sizes (408 vs. 1700), different numbers of imputed variables (52 vs.
18), and different missingness profiles. The Spearman correlation between missingness and KS
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distortion was consistently strong for all methods in both datasets (ρ from 0.964 to 0.999; all p < 0.001),
confirming a predictable linear relationship between the degree of missingness and the magnitude of
distributional distortion irrespective of method or dataset. This stability strengthens confidence that the
observed performance differences reflect intrinsic properties of the methods rather than idiosyncratic
features of a single cohort, and supports the generalizability of the conclusions to other real-world
clinical registries with analogous characteristics.

4.6. Limitations
This study has some limitations that should be considered when interpreting the results. The evaluation
criterion adopted, preservation of marginal distributions and pairwise correlations relative to the
observed data, directly quantifies structural fidelity, which is the property of interest when a single
completed dataset is used for subsequent analysis. It does not, however, assess the recovery of the true
data-generating process, and should not be interpreted as a general performance ranking for inferential
use cases where MICE retains its theoretical advantages [2]. The comparative evaluation was restricted
to continuous numeric variables; the imputation of categorical variables was not formally assessed.
KNN was evaluated at a fixed parameterization (k = 5, Gower’s distance), and the number of MICE
imputations was set at m = 5, which is generally considered sufficient for most purposes [5, 17]. Finally,
prediction-oriented outcomes such as discrimination or calibration were not evaluated, as they represent
a distinct use case for imputation [12].

4.7. Practical implications
The central practical contribution of this study is the empirical demonstration that KNN imputation
preserves the statistical structure of clinical datasets, both univariate distributions and the multivariate
correlation matrix, substantially better than median substitution, the single imputation strategy most
widely used in applied clinical research [18]. Preserving the underlying data structure matters for any
subsequent analysis that relies on the completed dataset: regression modelling, dimensionality
reduction, clustering, variable selection, or any procedure sensitive to the distributional properties and
correlation structure of the input data. Distortions introduced at the imputation stage propagate into all
downstream analyses, and the present results demonstrate that KNN minimizes these distortions more
effectively than median substitution across all missingness levels studied.

From an implementation standpoint, KNN offers a compelling balance between methodological rigour
and practical accessibility. It requires no specification of conditional imputation models, no iterative
convergence assessment, and produces a single deterministic completed dataset at substantially lower
computational cost than MICE. In settings where the number of variables with missing data is large
relative to the available sample, a common situation in single-centre registries, KNN avoids the model
specification and convergence challenges that limit MICE performance [19, 20]. These considerations
support KNN as a methodologically sound and computationally simple alternative to median
substitution, and as a practical option when the conditions for reliable MICE implementation, adequate
sample size, moderate missingness, and feasible model specification for all imputed variables are not
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met. When the analytical objective requires formal statistical inference with propagation of imputation
uncertainty, MICE with Rubin’s combining rules remains the appropriate choice, provided the dataset
characteristics fall within the method’s documented operational range.

5. Conclusions
Across two independent real-world clinical cohorts from different medical domains, sample sizes, and
missing-data profiles, KNN imputation consistently preserved univariate distributions and the
multivariate correlation structure of the original observed data more closely than either median
substitution or MICE/PMM. The proportion of variables showing meaningful distributional distortion (KS
D > 0.10) was two- to threefold lower for KNN than for median imputation, and three- to fourfold lower
than for MICE. The rate of increase in distributional distortion per additional percentage of missing data
was approximately half that of median imputation and less than a quarter that of MICE. Median
substitution confirmed its known tendency to compress variance and distort dispersion, whereas MICE
showed greater sensitivity to the high missingness proportions and variable-to-sample ratios
characteristic of clinical registries.

These findings support KNN as a methodologically sound, computationally accessible alternative to
median substitution for producing a single completed clinical dataset that faithfully preserves the
statistical structure of the originally observed data. When the analytical objective requires formal
inferential pooling with propagation of imputation uncertainty, MICE with Rubin’s combining rules
remains the appropriate framework, provided dataset conditions fall within its documented operational
range.
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Figure 1

Percentage of missing values across numeric variables in the lung transplantation cohort (A) and the
myocardial infarction cohort (B). Dashed vertical lines indicate the predefined exclusion threshold (80%
missing values).
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Figure 2

Distribution of representative numeric variables before and after imputation. Panels show variables with
low, moderate, and high proportions of missing values in the lung transplantation cohort (A–C: baseline
serum creatinine, 0.2% missing; TAPSE, 52.2% missing; PASP, 77.9% missing) and the myocardial
infarction cohort (D–F: age, 0.5% missing; serum sodium, 22.1% missing; systolic blood pressure at
presentation, 63.3% missing).
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Figure 3

Relationship between the proportion of missing values and distributional distortion in the lung
transplantation cohort (A) and the myocardial infarction cohort (B). Each point represents a numeric
variable; solid lines represent linear regression fits for each imputation method.
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