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Abstract

Background and Objective: Reliable medical research depends on data integrity, yet clin-
ical datasets often contain real and systematically missing values. This study aimed to
develop a robust, clinically realistic imputation framework for a raw Multiple Sclerosis
(MS) dataset affected by real-world missingness. Methods: We propose an innovative data-
driven approach called the Sequential Multiple Imputation Bootstrapping (SMIB) model,
which orders imputation based on feature correlation and incorporates bootstrapping to en-
hance stability and generalizability. Relevant features were identified using RF importance
and Mutual Information scores and imputed using a hybrid machine learning framework
that combines Random Forest (RF), Multilayer Perceptron (MLP), k-Nearest Neighbors
(kNN), and a multiple imputation (MI) algorithm. The proposed method was evaluated us-
ing 15-fold cross-validation and a masking-based evaluation strategy. Model performance
was assessed using accuracy, precision, recall, specificity, F1 score, Mean Squared Error
(MSE), Mean Absolute Error (MAE), and R?. Results: RF-based SMIB achieved superior
performance, with final imputation accuracy reaching up to 97% for categorical outcomes
and strong numerical performance (R? up to 0.999; MSE as low as 2.48 x 10~°). Sequential
ordering and weighted bootstrapping improved stability in imbalanced clinical data un-
der real-world missingness. Compared with the widely adopted Multiple Imputation by
Chained Equations (MICE) approach, the proposed SMIB framework consistently demon-
strated superior predictive performance across all evaluated categorical and numerical
outcomes. Conclusions: The SMIB framework provides a robust and clinically aligned
strategy for handling real-world missing values in MS datasets, improving imputation
accuracy while preserving feature dependencies and feature relationships. The method
supports reliable predictive analytics in healthcare contexts.

Keywords: multiple sclerosis; machine learning; missing data; sequential imputation;
bootstrapping; data-driven

1. Introduction

Incomplete medical data poses a challenge in research. Traditional techniques such
as mean imputation, linear interpolation, and extrapolation are commonly used to handle
missing values in medical datasets, but they often produce biased or inaccurate estimates.
These conventional imputation methods attempt to estimate missing values as entries
before model training, potentially resulting in the development of a self-fulfilling model [1].
Some studies in Multiple Sclerosis (MS) research remove missing values instead of imputing
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them, simplifying preprocessing but risking the loss of valuable information and reduced
predictive accuracy [2]. However, excluding missing values may compromise predictive
accuracy. In addition, high-dimensional clinical datasets require effective feature selection
to reduce redundancy and improve model performance [3,4].

To address these limitations, more advanced imputation strategies have been devel-
oped in recent years. Single imputation methods often fail to reflect uncertainty, leading to
biased estimates and reduced reliability [5]. Baker et al. [6] demonstrated that multiple im-
putation frameworks can reduce bias and improve true signal detection in high-dimensional
biomedical data. These approaches outperform single imputation and complete-case analy-
ses by reducing bias, controlling false discoveries, and improving detection of true signals.
These limitations of single imputation highlight the need for more advanced approaches,
motivating the sequential MI-bootstrapping method used in this study. Pan et al. [7] in-
troduced a multiple imputation framework for addressing missing data in multireader
multicase (MRMC) study designs, demonstrating that this approach can provide almost
unbiased estimates of diagnostic capability and robust confidence intervals even in small-
sample scenarios, thereby enhancing the reliability of statistical conclusions in clinical
datasets. Chén et al. used this MI technique during model development. However, the
lack of imputation in testing limits the accuracy of prediction results. They recommended
exploring advanced imputation methods to ensure reliable test data without artificially
inflating performance [8]. Recent advances in machine learning-based imputation have
demonstrated improved bias reduction, predictive accuracy, and robustness compared to
traditional statistical approaches. For example, Samad et al. [9] combined clustering with
deep neural networks for multiple imputation, outperforming traditional regressors. More
recently, Ou et al. [10] proposed a hybrid RF+ Generative Adversarial Network imputer
tailored for complex missing-data patterns. Although promising, these methods often face
limitations, such as dependence on large datasets, potential sensitivity to the mechanism of
missingness, or limited external validation, which underlines the motivation for a more
structured, robust, and domain-adapted imputation framework like ours.

Valenzuela et al. [11] tackled missing values in their study by using the Amelia R
package to impute 10 complete datasets, with 76% of patients originally having missing
measurements. This approach involves drawing random values from inferred distributions
for imputation and applying “Rubin’s rules” [12] for calculating standard errors. The
model’s AUC of 0.80 reflects effective preservation of data relationships, validating the
imputation process and its contribution to enhancing prognostic accuracy in clinical out-
comes. El Badisy et al. [5] compared machine learning-based imputation methods, such as
RF and CART, on a breast cancer survival dataset. ML-based multiple imputation reduced
bias, improved confidence interval coverage, and enhanced predictive accuracy, whereas
single imputation was more prone to bias. This demonstrates the strong impact of machine
learning on preserving data integrity in clinical datasets. In Aghili’s study [13], kNN,
Matrix Factorization, Singular Value Decomposition (SVD), Soft Impute, and Gradient
Boosting (GB) were applied and achieved the highest performance with accuracies up to
93.40%, a precision up to 92.37%, and a recall up to 91.44% for the imputation. However,
these approaches often depend on complex architectures or require extensive supplemen-
tary data, limiting their applicability in practical settings. Ouyang et al. [14] developed
an ImputeRNN approach that used a mask matrix to address missing-data bias. Tested
extensively on two EMR datasets, ImputeRNN outperformed traditional methods like
Feature Regression (FR) and Mask GRU (MG), achieving an RMSE of 0.53 and an AUC of
0.89 on Physionet, and a 0.47 RMSE with a 0.91 AUC on MIMIC-III. However, its reliance
on a complex RNN architecture may hinder its use in resource-limited settings.
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For the MS databases, Pellegrini et al. noted that 44% and 48% of MS patients from the
DEFINE and CONFIRM groups, respectively, had missing baseline MRI data. To address
this, they used a Monte Carlo Markov chain imputation strategy to create 10 imputed
datasets for building prognostic models. They then consolidated the rankings of prognostic
factors across these datasets by calculating their median values. Despite these efforts, the
overall model performance remained modest (all C-indices < 0.65), highlighting the need
for exploring alternative predictors and definitions to enhance prognostic accuracy for MS
progression [15].

Despite advances in machine learning-based imputation, existing approaches often
rely on assumptions regarding missingness mechanisms or require large, well-structured
datasets, limiting their applicability in real-world clinical settings. In this study, we propose
a correlation-guided Sequential Multiple Imputation Bootstrapping (SMIB) framework
designed to handle heterogeneous and non-random missing data in Multiple Sclerosis
datasets. The proposed framework integrates MI, weighted bootstrapping, and structured
sequential ordering to enhance stability, preserve clinically meaningful feature relation-
ships, and improve imputation accuracy for both categorical and numerical variables. To
comprehensively evaluate the proposed framework, two complementary comparative
analyses were performed. First, SMIB was compared with the baseline Multiple Imputation
Bootstrapping (MIB) framework to isolate the contribution of the proposed correlation-
guided sequential imputation strategy. Second, SMIB was compared with the widely
adopted Multiple Imputation by Chained Equations (MICE) approach [16] to evaluate
its performance relative to an established MI benchmark commonly used in biomedical
research. Together, these comparisons provide both an internal ablation study and an
external benchmark evaluation of the proposed methodology.

2. Materials and Methods
2.1. Data Collection and Initial Cleaning

The dataset was sourced from the Sina Hospital in Tehran and was derived from the
National Multiple Sclerosis Registry of Iran (NMSRI) [17], ensuring a representative and
diverse sample. Initially comprising 8347 records and 62 attributes—including patient
demographics (age, gender), symptoms, treatments, risk factors, and health conditions—
the data required thorough preprocessing due to its original documentation in Persian.
To enhance relevance and quality, domain experts (an epidemiologist and a neurologist)
refined the dataset by eliminating non-critical attributes, such as surgery history and
residential city.

2.2. Data Preprocessing

Data preprocessing encompassed three critical steps: addressing missing values,
standardizing features, and performing feature screening to reduce noise and redundancy.
Unlike synthetic simulation studies, the missingness in this dataset was real and not
artificially induced, reflecting authentic clinical data collection processes. Following Rubin’s
framework [12], the missingness mechanisms are discussed conceptually in relation to
Missing Completely at Random (MCAR), Missing at Random (MAR), and Not Missing at
Random (NMAR) patterns. However, no synthetic MCAR, MAR, or NMAR mechanisms
were imposed. All missing values originated from real clinical workflows. Masking was
used strictly as an evaluation technique and not to generate artificial missingness. Although
these mechanisms were not explicitly modeled, the proposed method was evaluated under
real-world missingness conditions rather than idealized simulation-based assumptions.
Table 1 summarizes the prevalence of missing data across crucial attributes.
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Table 1. Percentages of missing values.

Attribute % Missing Values
Age of onset of first symptoms of MS 15.75%
Age of diagnosis of MS by a doctor 15.75%
Age of converting to secondary progressive MS 12.44%
Type of MS 16.59%
Expanded Disability Status Scale (EDSS) score 50.98%

Data Scaling and Encoding

To optimize performance in gradient-sensitive models such as MLP, feature scaling
was implemented using Min—-Max normalization. This approach was selected to preserve
bounded feature ranges and maintain consistency across models during training. Categori-
cal features, meanwhile, were preserved through label encoding without scaling to retain
their inherent structure. Although RF is insensitive to scaling, normalization was necessary
for models like MLP; thus, preprocessing ensured comparability across models [18].

2.3. Model-Based Imputation
2.3.1. Initial Model-Based Approaches

Model-based imputation methods were used to replace missing values across both
categorical and numerical variables more accurately than traditional approaches. The
following machine learning models were tested:

e Random Forest (RF): An ensemble method effective for high-dimensional data [19].

e Multilayer Perceptron (MLP): A neural network-based method with strong function
approximation capabilities [20,21].

e  k-Nearest Neighbors (kNN): A distance-based method that estimates missing values
based on neighboring data points [22]. Although kNN often shows lower predictive
accuracy than RF or MLP, it was intentionally included for its interpretability and
sensitivity to local patterns, allowing us to compare whether models with different
learning biases preserve relationships after imputation. The performance of these
models in imputing missing values was assessed, leading to further refinement of the
methodology [23].

2.3.2. Multiple Imputation (MI) and Bootstrapping

To enhance the robustness of missing-data handling and model stability, multiple
imputation (MI) and bootstrapping were jointly applied:

e Multiple Imputation (MI): By replacing missing values with reasonable estimates, multi-
ple complete datasets are generated, thereby reducing bias and maintaining statistical
variability, which is in line with the established principles of multiple imputation
proposed by Donald Rubin [24,25]. The specific number of imputations was not fixed
at this stage and was optimized later as part of the proposed methodology.

e  Bootstrapping: A resampling-based technique was used to generate multiple train-
ing datasets for assessing classifier stability and robustness [26]. The number of
bootstrap samples was treated as a tunable parameter and finalized during the model-
optimization phase.

RF and MLP performed better when combined with bootstrapping, leading to their
selection for further refinement, while kNN served as a baseline to evaluate interpretability
and local sensitivity.
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2.4. Sequential MI Bootstrapping (SMIB)—A Novel Approach

We propose an integration of the MI method with bootstrapping to impute missing
data, systematically determining the optimal number of imputations (m = 5) and bootstrap
samples (B = 100) [27,28]. As illustrated in Figure 1, while error metrics (MSE, MAE, RMSE)
exhibit minimal sensitivity to parameter variations, the R? values distinctly identify this
configuration as optimal. Here, “sequential” refers to attribute-by-attribute imputation, or-
dered by correlation strength, which distinguishes our method from iterative but unordered
techniques. The correlation analysis was performed only to determine the sequential order
of the target attributes containing naturally occurring missing values. The target attributes
were not selected arbitrarily. They correspond to the clinically important outcome vari-
ables in the MS registry dataset [17] that also contained substantial naturally occurring
missing values. Their clinical relevance was confirmed through consultation with a neurol-
ogist and an epidemiologist during dataset preparation, and they were therefore selected
as representative targets for evaluating the proposed sequential imputation framework.
For each target attribute, Pearson correlation coefficients were computed between each
target attribute and all available encoded predictor variables, including both numerical
variables and categorical variables after label encoding. Categorical variables were trans-
formed into numerical representations using label encoding solely to enable computation
of Pearson correlation coefficients for determining the sequential imputation order. The
encoded values were not interpreted as quantitative measurements but served as compu-
tational representations for estimating dependency strength. Since correlation analysis
was used only to establish the relative ordering of target attributes, while the subsequent
imputation was performed using Random Forest, the influence of label encoding on the
overall imputation process was limited. We acknowledge that Pearson correlation may not
fully capture associations among purely nominal variables; however, it provided a simple
and consistent criterion for establishing the sequential imputation order in the present
study. The cumulative correlation strength was defined as the sum of the absolute Pearson
correlation coefficients between each target attribute and all available encoded predictor
variables. Target attributes were subsequently ranked in descending order according to this
cumulative score, such that attributes exhibiting stronger overall dependency relationships
entered the sequential imputation process earlier. No graph-based traversal algorithm
was employed. Instead, each target attribute was ranked independently according to its
cumulative correlation strength before sequential imputation. This criterion was selected
because it provides a straightforward measure of the overall dependency of each target
attribute on the remaining available variables, allowing attributes with stronger overall
relationships to be imputed first.

Although the proposed framework shares conceptual similarities with iterative im-
putation approaches such as MICE and Fully Conditional Specification (FCS) [16,29], the
proposed SMIB framework differs in three important aspects. First, the imputation se-
quence is explicitly guided by correlation-based dependency ranking rather than unordered
iterative cycling. Second, weighted bootstrapping is integrated directly into the imputation
pipeline to enhance stability under heterogeneous and imbalanced clinical missingness pat-
terns. Third, the framework combines sequential multiple imputation with ensemble-based
RF prediction to preserve nonlinear clinical relationships while maintaining robustness
across mixed numerical and categorical variables.

Unlike the baseline MIB framework, which applies MI and weighted bootstrapping
without considering the order of missing attributes, the proposed SMIB framework per-
forms imputation sequentially according to the correlation strength between variables. This
strategy enables previously imputed variables to contribute to subsequent imputations
while preserving clinically meaningful dependencies among patient attributes.
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Figure 1. Optimized imputation and bootstrapping numbers.

2.4.1. SMIB Method Steps

To further improve imputation, an innovative approach, sequential MI bootstrapping
(SMIB) [30], was developed. The SMIB methodology is described step by step as follows:

e Arrange attributes containing missing values according to their Pearson correlation
coefficients to establish a stable and interpretable sequential imputation order. For each
target attribute, Pearson correlation was calculated with all available encoded predictor
variables. Categorical variables were first transformed into numerical representations
through label encoding, allowing them to participate in the dependency analysis
together with numerical variables. The resulting correlation scores were used only for
ranking the imputation sequence and not for prediction itself.

e  Perform feature selection using a hybrid approach (RF importance combined with
Mutual Information scores). Random Forest importance captures nonlinear predic-
tive relationships, whereas Mutual Information quantifies the statistical dependency
between the candidate predictor variables (input features) and the current target at-
tribute being imputed. Predictor importance was evaluated independently by both
methods, and variables identified as important by both approaches were retained as
input features for Random Forest imputation [31].

e Apply RF [32] within SMIB to impute the highest-priority attribute in the sequen-
tial order.

e  Repeat the process until all missing values are imputed.

e Consolidate the results for downstream analysis.

Feature selection plays a vital role in optimizing the imputation process. We employed
a combination of RF importance and Mutual Information, which evaluates attribute rel-
evance by capturing both nonlinear relationships and dependencies across categorical
and numerical features. By prioritizing impactful attributes and eliminating redundant or
irrelevant ones, this approach enhances the precision of imputation results. Unlike the cor-
relation analysis, which determines only the sequential ordering of target attributes, feature
selection identifies the most informative predictor variables used by the Random Forest
model for imputing the current target attribute. Thus, the ordering stage and predictor-
selection stage serve two distinct purposes within the proposed framework. This process
was carefully aligned with clinical interpretability, particularly ensuring that EDSS and MS
type were never artificially masked but only imputed when naturally missing. A flowchart
of the SMIB method is illustrated in Figure 2.
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Figure 2. Workflow of the proposed SMIB framework.

The Pearson correlation coefficient [33] is calculated to quantify associations between
pairs of variables using the following formula:

PX,Y —_ COU(X Y) Z(xl - x yl _y) (1)

ocXoY \/): (xi — ) \/): (i —

¥ — 1 N Py — 1 N . “" 7 .
wherex = .} x;, ¥ = 5 ).;2, y; are means and “cov” represents the covariance between

two random variables, X and Y, while o denotes the standard deviation; these coefficients,
which range from —1 to +1, indicate the extent to which two variables are linearly related,
with positive values suggesting a direct relationship and negative values indicating an in-
verse relationship. These coefficients aid in optimizing imputation by identifying attribute
dependencies. Although Pearson correlation is a linear dependency measure, it was not
used as the prediction model. Instead, it provided a practical mechanism for prioritizing
the sequence of target attributes. Once the sequential order was established, nonlinear
relationships among predictors were learned by the Random Forest model during imputa-
tion. In this framework, Pearson correlation was used specifically to guide the sequential
ordering of target attributes, while nonlinear dependency modeling was performed during
the RF-based imputation and bootstrapping stage.

Figure 2 illustrates the proposed sequential imputation process. Pearson correlation is
used only to determine the order in which target attributes containing naturally occurring
missing values are imputed. For each target attribute, informative predictors are then
selected using Random Forest importance and Mutual Information before Random Forest-
based imputation. After imputation, the completed attribute is reintegrated into the dataset
and becomes available as a predictor for subsequent imputation steps. The process is
repeated until all target attributes with missing values have been imputed.
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2.4.2. Weighted Bootstrapping

To enhance imputation accuracy, a weighted bootstrapping technique was imple-
mented. This method assigns higher sampling probabilities to underrepresented data
patterns, improving model generalization by prioritizing rare attribute combinations. The
weighting scheme is calculated as follows:

i +m;

S L @
YNy (rj + mj)

wi

where 7; denotes the rarity score, defined as the reciprocal frequency of the attribute combi-
nation in the dataset, and m; represents the missingness score, defined as the proportion of
missing values within record i [34,35].

The attribute combinations were constructed using the predictor variables selected
during the feature-selection stage for the current target attribute. Consequently, the rarity
score reflects the frequency of clinically relevant predictor combinations rather than all
variables in the dataset, preventing high-dimensional sparsity while preserving meaningful
patient profiles.

The computed weights are converted into sampling probabilities to direct the resam-
pling process. Next, resampling with replacement is performed, generating diverse datasets
while preserving dataset integrity. Finally, models such as MLP and RF are trained and
evaluated on the resampled datasets to quantify the imputation’s impact. The probability
of selecting record i is
w;

P = ———
N .
Z]':1 w;j

3)

2.4.3. SMIB Formula

The imputation estimate 6y is derived by combining the results that across all
imputed datasets and bootstrap samples, and it is calculated as follows:

1 m 1 B i
Omip = aZizl (BZ]‘1 Gé])) (4)

where m is the number of imputations (fixed at 5 after preliminary stability analysis using

R? metrics); B is the number of bootstraps (e.g., 100); and 05] )

represents the prediction
obtained from bootstrap j within imputation i [36]. Categorical attributes were numerically
encoded and normalized during the RF bootstrapping process to maintain computational
consistency. However, for categorical variables such as “Type of MS,” the final imputed
category was determined using majority voting (mode aggregation) across bootstrap pre-
dictions rather than direct arithmetic averaging. Algorithm 1 presents the pseudocode of
the proposed Sequential Multiple Imputation Bootstrapping Random Forest (SMIB-RF)
framework, illustrating the sequential ordering mechanism, reintegration of previously
imputed attributes, and RF-based bootstrapping process used for robust missing-value
estimation. This sequential MI bootstrapping approach was designed to balance computa-
tional efficiency and predictive robustness, with evaluation focused primarily on predictive
accuracy rather than variance-based inference due to clinical dataset constraints.
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Algorithm 1. Sequential MI Bootstrapping with Random Forest (SMIB-RF)

1: Input: Dataset D with missing values
2: Output: Imputed dataset D’
3: Step 1: Identify Attributes with Missing Values
4: Identify features F in D that contain missing values.
5: Step 2: Rank Attributes by Correlation
Compute Pearson Correlation Coefficient for determining the sequential
6: ordering
of missing attributes (in descending order).
7 Step 3: Feature Selection
Apply Random Forest importance and Mutual Information scores for
8: feature
selection.
9: Remove irrelevant features to improve model efficiency.

10: Step 4: Initialize Bootstrapping and Multiple Imputation
11: Set number of imputation m and bootstrap samples B.
12: Step 5: Sequential Imputation Process
13: for each feature X; in ranked missing value list do
Identify the top k most informative available features, including
14:  previously
imputed attributes.
15: for each bootstrap sample b =1 to B do
16 Create bootstrap sample Dy, by resampling from training
" partitions of D.
Train a Random Forest model RF;, using complete and
17:  previously imputed

cases in Dy,

18: Predict missing values for X; using RFj.

19: end for

20: if Xi is numerical then

o1 Compute final imputed value as the mean of all B
predictions:

22: Ximputed = %lej:l Xp

23: else if X is categorical then

o4: Compute final imputed value using majority voting
across all B predictions.

25: else if

26: Update dataset D with imputed feature X;

27: end for

28: Step 6: Reincorporate Imputed Attributes
Reincorporate newly imputed attributes into D for downstream

29: . .
imputations.
30: Step 7: Termination
31: if all missing values ae filled up then
32: Return final imputed dataset D’
33: else
34: Repeat process until convergence.
35: end if
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2.5. Model Evaluation and Experimental Design
2.5.1. Hyperparameter Optimization

Hyperparameter tuning was performed for RF and MLP models using cross-validation
to optimize predictive performance [37,38]. The optimized hyperparameters are presented
in Table 2. The k-Nearest Neighbors (kNN) model was included as a benchmark due
to its interpretability and sensitivity to local neighborhood patterns, while RF and MLP
demonstrated superior predictive stability.

Table 2. Hyperparameters for the RF and MLP.

Hyperparameter RF Value Hyperparameter MLP Value
n_estimators 200 hidden_layer_sizes 100
max_depth 20 activation ‘relu’
min_samples_split 4 solver ‘adam’
min_samples_leaf 3 alpha 0.0001
max_features ‘sqrt’ learning_rate ‘adaptive’

2.5.2. Evaluation Strategy

The imputation methods were evaluated using a masking-based approach combined
with 15-fold cross-validation to simulate real-world missing-data conditions. Observed
values were deliberately masked during validation to enable objective comparison between
imputed and true values under realistic missingness conditions. In this study, accuracy is
defined as the agreement between imputed values and the original (masked) values across
both categorical and numerical attributes. All correlation ranking, feature selection, boot-
strapping, and imputation model fitting procedures were performed exclusively within the
training partitions during cross-validation to prevent information leakage into validation
or testing data.

2.5.3. Dataset Partitioning

The dataset was partitioned into 80% training data and 20% testing data to ensure
fair performance evaluation. The training data were further divided into training and
validation subsets using a 75-25 split to support model tuning and validation.

2.5.4. Performance Metrics

Attributes were categorized into categorical and numerical types. EDSS was analyzed
as a categorized variable because it represents an ordinal clinical disability scale with
discrete score intervals rather than a fully continuous measurement. Categorical attributes
were evaluated using classification metrics, including accuracy, precision, recall, F1 score,
and confusion matrices. Numerical attributes were assessed using regression metrics,
including Mean Squared Error (MSE), Mean Absolute Error (MAE), and the coefficient
of determination (R?). Performance results were reported as averages across multiple
imputations to ensure stability. Inferential statistical measures such as confidence intervals
were not included in this study and remain an important direction for future work.

2.6. Comparative Evaluation

To evaluate the proposed methodology, two complementary comparative analyses
were conducted. First, the proposed SMIB framework was compared with the baseline
MIB framework. Since both frameworks employ identical multiple imputation, weighted
bootstrapping, feature selection, and prediction models, differing only in the inclusion of
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the proposed correlation-guided sequential imputation strategy, this comparison serves as
an ablation study that isolates the contribution of the sequential component.

Second, the proposed SMIB framework was compared with the widely adopted
Multiple Imputation by Chained Equations (MICE) framework, one of the most commonly
used MI methods in biomedical research. Both approaches were evaluated using identical
datasets, prediction models, and performance metrics to provide a fair and objective
comparison of the proposed methodology relative to an established benchmark.

3. Results

This section presents the key quantitative findings from the proposed imputation
methods for predicting clinical factors in MS.

3.1. Numerical Imputation Performance Results

A comparative analysis of numerical imputation methods is detailed in Table 3. All
reported performance values represent averages across 5 imputations and 100 bootstrap
runs to ensure stability and reduce randomness.

Table 3 summarizes the performance of KNN, RF, MLP, and techniques such as
MLP and RF with MI bootstrapping, focusing on MAE, MSE, and R? metrics. Averaged
performance metrics were used to quantify overall model effectiveness.

Table 3. Features comparison of different imputation methods.

Imputation Method Measured Method Age of MSFS Age of DMSD Age of SPMS

MSE 0.00425 0.00088 0.00042

SMIB MAE 0.04746 0.01645 0.00704
with MLP R2 0.7025 0.9339 0.9845
RMSE 0.06518 0.02964 0.02039

MSE 0.00288 0.00018 0.00003

SMIB MAE 0.03796 0.00615 0.00101
with RF R2 0.7997 0.9871 0.9990
RMSE: 0.05364 0.01346 0.00516

MSE 0.00525 0.00129 0.00017

RE MAE 0.05573 0.02011 0.00255
R? 0.6704 0.9122 0.9927

RMSE 0.07248 0.03589 0.01285

MSE 0.00530 0.00126 0.00022

MLP MAE 0.05716 0.02036 0.00769
R? 0.6675 0.9141 0.9901

RMSE 0.07279 0.03550 0.01496

MSE 0.00531 0.00141 0.00134

KNN MAE 0.05673 0.02692 0.01424
R? 0.6665 0.9041 0.9406

RMSE 0.07290 0.03751 0.03657

Abbreviations: SPMS = secondary progressive MS; MSFS = MS first symptoms; DMSD = diagnosis of MS by a
doctor.

3.2. Categorical Imputation Performance Results

Table 4 analyzes the accuracy, precision, recall, and F1 score of five imputation tech-
niques for two categorical attributes, Categorized EDSS and Type of MS, focusing on their
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effectiveness. Observed values were masked only for evaluation purposes. All naturally

missing values were preserved to maintain clinical integrity.

Table 4. Various imputation techniques for categorical features.

Imputation Methods

Categorized EDSS

Type of MS

MI Bootstrapping with MLP

Accuracy: 0.91, Precision: 0.89,
Recall: 0.91,
F1 Score: 0.90

Accuracy: 0.92, Precision: 0.90,
Recall: 0.92,
F1 Score: 0.90

MI Bootstrapping with RF

Accuracy: 0.93, Precision: 0.92,
Recall: 0.93, F1
Score: 0.92

Accuracy: 0.96, Precision: 0.96,
Recall: 0.96,
F1 Score: 0.96

RF

Accuracy: 0.93, Precision: 0.91,
Recall: 0.93,
F1 Score: 0.91

Accuracy: 0.91, Precision: 0.90,
Recall: 0.91,
F1 Score: 0.90

MLP

Accuracy: 0.92, Precision: 0.91,
Recall: 0.92,
F1 Score: 0.91

Accuracy: 0.91, Precision: 0.90,
Recall: 0.91,
F1 Score: 0.90

KNN

Accuracy: 0.91, Precision: 0.90,
Recall: 0.91,
F1 Score: 0.90

Accuracy: 0.91, Precision: 0.89,
Recall: 0.91,
F1 Score: 0.90

3.3. Model Comparison and Visualization

Figure 3 presents heatmaps of confusion matrices for MIB-RF and MIB-MLP impu-
tation methods, comparing their classification performance on two categorical attributes:
Categorized EDSS and Type of MS. Both matrices show higher classification accuracy

for the predominant class (Class 2), while rare classes (Classes 0 and 1) exhibit higher
misclassification rates.

Confusion Matrix for Type of MS Disease (RF) Confusion Matrix for Categorized EDSS (RF)

o 30 0 14 3
° 27 a7
- 1 11 3 0 _
[ [
-] -]
[} o
- -
o o
H H
Fu 13 0 1191 16 =
- 10
m 1 0 11 99

0 3

1 2
Predicted Label Predicted Label

Confusion Matrix for Type of MS Disease (MLP) Confusion Matrix for Categorized EDSS (MLP)

° 3 0 39 5
° 21 53
- 0 2 9 a _
[ [
2 -]
o L}
- -
o o
H H
Fu a 1 1187 28 P
- 16
- 0 1 24 86

1 2 3
Predicted Label Predicted Label

Figure 3. Confusion matrices comparing RF- and MLP-based imputation performance.

https:/ /doi.org/10.3390/sclerosis4030021


https://doi.org/10.3390/sclerosis4030021

Sclerosis 2026, 4, 21 13 of 19

Figure 4 presents scatter plots of imputed versus actual values for the RF- and MLP-
based bootstrapping methods, illustrating the agreement between the predicted and ob-
served values.

RF-Based Performance MLP-Based Performance
Age of Onset of MS
| 1.0 ® Actual Values o3 1.0 { ¢ Actual Values H
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Figure 4. Scatter plots of imputed versus actual values using RF- and MLP-based performance.

Figure 5 illustrates the correlation-guided sequential imputation order used within
our framework. The diagram presents the sequence in which attributes containing missing
values were imputed according to their dependency ranking, enabling progressively refined
imputations throughout the SMIB process.

Correlation with all other attributes
1.0+ 0.97 0.95 0.95

0.59

orrelation Coefficient
o
o

Target Features

Figure 5. Correlation-guided sequential imputation order within the SMIB framework.
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3.4. Comparative Analysis of RF-Based Strategies

To evaluate the contribution of the proposed correlation-guided sequential imputation
strategy, a comparative analysis was conducted between the baseline Multiple Imputation
Bootstrapping Random Forest (MIB-RF) framework and the proposed SMIB-RF framework.
Since both frameworks employ identical MI, weighted bootstrapping, feature selection, and
Random Forest prediction procedures, differing only in the proposed sequential feature
dependency imputation strategy, this comparison isolates the contribution of the sequential
component and therefore serves as an ablation analysis of the proposed methodology.

A comprehensive assessment of the effectiveness of two RF strategies, MIB-RF and
sequential MI bootstrapping RF (SMIB-RF), is presented in Table 5 across categorical and
numerical attributes. Table 5 presents the performance comparison across categorical and
numerical MS-related variables.

Table 5. Ablation analysis comparing MIB-RF and the proposed SMIB-RF framework.

vonods GheE PR NS apomc MO Glm o Dml el oy A
(MIB-RF) (MIB-RF) (MIB-RF) (MIB-RF) (SMIB-RF) (SMIB-RF) (SMIB-RF) (SMIB-RF)
Best Accu. 0.929 0.955 - - - 0.928 0.971 - - -
Best Preci. 0.918 0.955 - - - 0.9189 0.970 - - -
Best Recall 0.929 0.955 - - - 0.928 0.971 - - -
Best F1 0.917 0.955 - - - 0.9217 0.970 - - -
Best MSE - - 0.00288 0.00018 2.67 x 107° - - 0.00306 0.00024 248 x 1075
Best MAE - - 0.03912 0.00615 0.00101 - - 0.03796 0.0075 0.00096
Best R? - - 0.7842 0.9871 0.999 - - 0.7997 0.9824 0.9992

Abbreviations: Categ. = categorized; Dx. = diagnosis; Conv. = conversion; Accu. = accuracy; Preci. = precision.

3.5. Comparison with an Established Multiple Imputation Method

To assess the practical effectiveness of the proposed methodology relative to an estab-
lished MI approach, the proposed Sequential Multiple Imputation Bootstrapping (SMIB)
framework was compared with MICE, one of the most widely adopted MI techniques
in biomedical research. Since both methods were evaluated using identical datasets, pre-
diction models, and performance metrics, this comparison provides a fair and objective
assessment of the practical effectiveness of the proposed framework relative to a widely
accepted benchmark. The comparative results are summarized in Table 6.

The comparison presented in Table 6 demonstrates that the proposed SMIB framework
achieved superior predictive performance relative to the conventional MICE framework
across the evaluated categorical and numerical prediction tasks. The observed improve-
ments are consistent with the methodological characteristics of the proposed SMIB frame-
work described in Section 2.4. Specifically, the combination of correlation-guided sequential
ordering and weighted bootstrapping enables clinically related variables to be imputed
earlier while improving robustness under heterogeneous missingness conditions. As
shown in Table 6, these design characteristics resulted in higher predictive accuracy for the
categorical variables together with lower prediction errors and higher R? values for the
numerical variables. Although the magnitude of improvement varied among the evaluated
variables, the proposed SMIB framework consistently achieved better performance than
the conventional MICE approach across all reported evaluation metrics. These findings
indicate that the observed performance gains arise not from the use of multiple imputation
alone, but from its integration with correlation-guided sequential ordering and weighted
bootstrapping within the proposed SMIB framework.
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Table 6. Performance comparison between the conventional MICE framework and the proposed
SMIB framework.

Categorical Variables

Metric Categorized EDSS Type of MS
MICE SMIB MICE SMIB
Accuracy 0.9145 0.9280 0.8923 0.9710
Precision 0.9040 0.9189 0.8743 0.9700
Recall 0.9145 0.9280 0.8923 0.9710
F1 Score 0.9078 0.9217 0.8797 0.9700
Numerical Variables
Metric Age of Onset Age of Diagnosis Age of Converting to SPMS
MICE SMIB MICE SMIB MICE SMIB
MAE 0.0608 0.0391 0.0226 0.0075 0.0028 0.0010
RMSE 0.0816 0.0553 0.0409 0.0155 0.0150 0.0050
R? 0.5530 0.7842 0.8797 0.9824 0.9894 0.9992

4. Discussion

This study demonstrates that integrating correlation-guided sequential ordering with
multiple imputation and bootstrapping improves both numerical and categorical imputation
performance in real-world MS datasets. Unlike simulation-based studies, all evaluations were
conducted on authentic clinical data with naturally occurring missingness, enhancing the
practical relevance and robustness of the findings. The proposed SMIB framework provides a
structured and clinically interpretable mechanism for preserving inter-feature dependencies
while improving stability under real-world missingness conditions.

4.1. Numerical Imputation Performance Discussion

As shown in Table 3, SMIB-RF consistently achieved lower MSE and MAE and higher
R? values across all continuous outcomes, indicating improved numerical stability and
accuracy. These results highlight the effectiveness of combining multiple imputation with
ensemble-based bootstrapping in capturing nonlinear dependencies within clinical data.
The observed improvement in R? further suggests that feature dependency sequential
ordering enhances predictive consistency beyond conventional imputation pipelines. This
is supported by the scatter plots in Figure 4, where RF-based SMIB demonstrates tighter
alignment between imputed and observed values compared with MLP-based approaches.

4.2. Categorical Imputation Performance Discussion

For categorical variables, Table 4 shows that combining MI with bootstrapping also
improves classification outcomes relative to standalone RF, MLP, or KNN. MIB-RF yielded
the strongest accuracy, precision, recall, and F1 scores for both Categorized EDSS and Type
of MS, demonstrating the robustness of ensemble learners in capturing complex, nonlinear
relationships within mixed clinical attributes.

The confusion matrices in Figure 3 further illustrate that RF-based imputers maintain
higher classification performance across dominant classes while exhibiting expected chal-
lenges in minority classes. This behavior reflects inherent class imbalance within clinical
datasets rather than model instability. The controlled masking strategy ensured that evalu-
ation remained unbiased by preserving the original missingness structure while enabling
reliable performance assessment.
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4.3. Role of Correlation-Guided Sequential Ordering

Figure 5 illustrates the correlation-guided sequential imputation order used within
the SMIB framework. This hierarchical strategy ensured that variables with stronger
dependency relationships were imputed first, enabling downstream targets to benefit from
progressively refined prior imputations. By incorporating sequential dependency ranking
into the imputation process, the proposed framework improves coherence and stability
across both categorical and numerical attributes. This structured imputation strategy
differentiates SMIB from traditional iterative methods by explicitly leveraging feature
dependency relationships to support clinically consistent imputations.

4.4. SMIB vs. MIB-RF

Table 5 compares the proposed SMIB-RF framework with the non-sequential MIB-RF
configuration. Overall, incorporating correlation-guided sequential ordering provided
incremental performance gains, with the greatest improvements observed for Type of MS
and selected numerical prediction tasks, while maintaining competitive performance for
the remaining variables. These findings demonstrate the added value of incorporating
correlation-guided sequential ordering into the proposed framework.

Since both MIB-RF and SMIB-RF employ identical multiple imputation, weighted
bootstrapping, feature selection, and Random Forest prediction procedures, differing only
in the inclusion of the proposed correlation-guided sequential imputation strategy, the
comparison presented in Table 5 serves as an ablation analysis that isolates the contribution
of the proposed sequential component. Overall, the findings indicate that embedding RF
within a multiple imputation and bootstrapping framework yields stable and accurate
imputations. More importantly, the integration of correlation-guided sequential order-
ing enhances structural coherence and improves performance consistency across both
numerical and categorical variables, reinforcing the practical value of the proposed SMIB
framework in real-world clinical applications.

The comparison with the conventional MICE framework (Table 6) further con-
firms that the observed performance improvements are attributable to the proposed
methodology rather than to the use of MI alone. While MICE represents one of the
most widely adopted benchmark methods for multiple imputation, the proposed SMIB
framework consistently achieved superior performance across all evaluated categorical
and numerical outcomes. These improvements can be attributed to the combination of
correlation-guided sequential ordering and weighted bootstrapping, which together
preserve clinically meaningful feature dependencies while improving model robustness
under complex clinical missingness.

Despite these promising results, several limitations should be acknowledged. The
study was primarily conducted on a single registry dataset, which may limit direct gener-
alizability to other clinical populations. However, the dataset reflects real-world clinical
conditions with heterogeneous and non-random missingness, supporting the practical
relevance of the findings. Future work will extend the proposed methodology to additional
datasets and multi-center studies to further validate its robustness and generalizability.

Although the present study compares the proposed framework with the widely
adopted MICE approach, additional comparisons with other established imputation meth-
ods, including missForest and other established machine learning-based imputation meth-
ods [32], together with broader statistical analyses such as confidence intervals, remain
valuable directions for future research.
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5. Conclusions

This study introduced a sequential MI bootstrapping (SMIB) framework for handling
missing values in MS datasets by integrating MI with structured bootstrapping and feature
dependency sequencing. The RF-based implementation demonstrated strong performance
for both categorical and numerical variables, reflecting improved stability, coherence, and
reliability under complex and heterogeneous missingness patterns. Ensemble learning and
weighted bootstrapping further enhanced generalizability, emphasized underrepresented
clinical patterns, and reduced overfitting, while the sequential ordering preserved clinically
meaningful feature relationships throughout the imputation process.

Although kNN and MLP produced competitive results, the findings underscored
the advantages of tree-based ensembles in capturing nonlinear dependencies and main-
taining robust performance across diverse clinical attributes. The novelty of the SMIB
framework lies in its systematic integration of established methods into a unified, domain-
specific pipeline that enhances imputation quality while preserving clinically meaningful
feature relationships. The comparative analyses further demonstrated that incorporating
the proposed correlation-guided sequential imputation strategy contributes directly to the
observed performance improvements over the baseline MIB framework. Moreover, compar-
ison with the widely adopted MICE approach demonstrated the practical effectiveness and
competitive performance of the proposed SMIB framework for handling heterogeneous
missing data in real-world clinical MS datasets.

Future work will extend this framework through variance-based inference, multi-
center validation, and additional comparisons with other established imputation methods,
including missForest, to further evaluate the robustness and generalizability of the SMIB
across diverse clinical datasets.
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