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Abstract: Missing values represent a critical challenge in gait analysis datasets, where due to the high variability across subjects, 

a large number of trials is needed to represent an individual gait pattern; however, this is rarely available in the context of 

pathological subjects. This study analyzes the possibility to obtain a homogeneous number of trials across subjects through the 

application of imputation algorithms. Specifically Partial Least Squares regression is adopted and compared to traditional mean 

imputation strategies to gait analysis data of children with Fragile X Syndrome and healthy controls. For this purpose, missing 

values were introduced at varying percentages, and six different missingness scenarios analyzed. The effectiveness of each 

imputation method was assessed through quantifying the Kullback–Leibler divergence between the imputed and original 

datasets. Results demonstrate that PLS regression consistently outperforms on the available dataset mean imputation strategies 

across all conditions, maintaining a lower divergence while remaining computationally efficient. The present findings suggest 

that the more missing data the datasets exhibit, the more important is to choose PLS regression over mean imputation approaches. 
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1. INTRODUCTION 

Missing values in biomedical datasets have always been an 

issue for data scientists. These datasets are particularly 

valuable because they are often derived from medical analyses 

performed on patients, including clinical trials and laboratory 

tests. Collecting such data typically requires time, effort, and 

resources, and often involves patient participation, which 

cannot easily be repeated. This is particularly challenging in 

the context of gait analysis, where due to the high variability 

across subjects, a large number of trials is needed to represent 

every subject gait pattern, which is rarely available when 

pathological subjects are the object of the investigation. 

Discarding data due to missing values could mean losing 

critical information that might help in understanding diseases, 

improving diagnosis, or personalizing treatments (Jerez, et al., 

2010). This is why it's crucial to find effective strategies to 

handle missing data rather than excluding incomplete records. 

Data scientists use various techniques, such as statistical 

modelling (Perez, et al., 2002), or machine learning-based 

approaches (Scheel, et al. 2005), to fill in the gaps while 

preserving the integrity of the dataset. The goal is to maximize 

the use of the available information without altering the nature 

of the dataset.  

In literature different algorithms have been presented (Lin, et 

al., 2020) and compared (Lin, et al., 2020, Jadhav, et al., 2019). 

It is noted that the solidity of imputation techniques relies also 

on the missing mechanism (Little and Rubin, 2019, Rubin, 

1976). Three main categories can be highlighted: missing 

completely at random (MCAR), missing at random (MAR), 

and missing not at random (MNAR). MCAR occurs when 

there is no relationship between the presence of missing values 

and observed or unobserved variables. MAR means that 

missing values are still random but depends on the observed 

variables. If the presence of missing values and relationships 

between variables of the dataset does not fall in these two 

cases, but the probability of the missingness of the element 

depend on the unobserved value of the missing elements, it is 

called MNAR. These are not just definitions but understanding 

how missing data occurs in a specific dataset will guide in the 

choice of the method of imputation and it will help 

comprehend why some algorithms work better than others 

(Sun, et al., 2023). 

Missing value imputation techniques fall into two main 

categories: statistical and machine learning based. A review by 

Lin et al. (Lin, et al., 2020) shows that expectation 

maximization, linear and logistic regression, least squares, 

mean, mode, and principal component analysis are the most 

employed statistical techniques for data imputation. As for the 

algorithms categorized as machine learning based, to the best 

of our understanding, clustering, decision trees, and k-nearest 

neighbor approaches are the most used ones. Often the 

selection of a suitable model is strictly linked to the task that 

has to be performed with the dataset itself (Saar, et al., 2007). 

Moreover, multiple imputation is a valid and advanced 

technique which can be implemented with different imputation 

algorithms (Van Buuren and Groothuis-Oudshoorn, 2011). 

Missing values are filled in multiple times to create several 

complete datasets. These datasets are then analyzed separately, 

and the results are combined to account for the uncertainty 

introduced by missing data (Van Buuren and Groothuis-

Oudshoorn, 2011). 

Given a problem at hand, different techniques may thus be 

used. In the process of choosing the best one, testing the 

performance of different imputation methods should be 

performed as part of the preprocessing workflow. A direct 

evaluation might be performed through the estimation of 

performance indexes of classification accuracy and 

computational times, extracted for each tested model (Lin, et 

al., 2020), also in a conditional density sense (Marbach, 2022).  
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categories: statistical and machine learning based. A review by 

Lin et al. (Lin, et al., 2020) shows that expectation 

maximization, linear and logistic regression, least squares, 

mean, mode, and principal component analysis are the most 

employed statistical techniques for data imputation. As for the 

algorithms categorized as machine learning based, to the best 

of our understanding, clustering, decision trees, and k-nearest 

neighbor approaches are the most used ones. Often the 

selection of a suitable model is strictly linked to the task that 

has to be performed with the dataset itself (Saar, et al., 2007). 

Moreover, multiple imputation is a valid and advanced 

technique which can be implemented with different imputation 

algorithms (Van Buuren and Groothuis-Oudshoorn, 2011). 

Missing values are filled in multiple times to create several 

complete datasets. These datasets are then analyzed separately, 

and the results are combined to account for the uncertainty 

introduced by missing data (Van Buuren and Groothuis-

Oudshoorn, 2011). 

Given a problem at hand, different techniques may thus be 

used. In the process of choosing the best one, testing the 

performance of different imputation methods should be 

performed as part of the preprocessing workflow. A direct 

evaluation might be performed through the estimation of 

performance indexes of classification accuracy and 

computational times, extracted for each tested model (Lin, et 

al., 2020), also in a conditional density sense (Marbach, 2022).  
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1. INTRODUCTION 

Missing values in biomedical datasets have always been an 

issue for data scientists. These datasets are particularly 

valuable because they are often derived from medical analyses 

performed on patients, including clinical trials and laboratory 

tests. Collecting such data typically requires time, effort, and 

resources, and often involves patient participation, which 

cannot easily be repeated. This is particularly challenging in 

the context of gait analysis, where due to the high variability 

across subjects, a large number of trials is needed to represent 

every subject gait pattern, which is rarely available when 

pathological subjects are the object of the investigation. 

Discarding data due to missing values could mean losing 

critical information that might help in understanding diseases, 

improving diagnosis, or personalizing treatments (Jerez, et al., 

2010). This is why it's crucial to find effective strategies to 

handle missing data rather than excluding incomplete records. 

Data scientists use various techniques, such as statistical 

modelling (Perez, et al., 2002), or machine learning-based 

approaches (Scheel, et al. 2005), to fill in the gaps while 

preserving the integrity of the dataset. The goal is to maximize 

the use of the available information without altering the nature 

of the dataset.  

In literature different algorithms have been presented (Lin, et 

al., 2020) and compared (Lin, et al., 2020, Jadhav, et al., 2019). 

It is noted that the solidity of imputation techniques relies also 

on the missing mechanism (Little and Rubin, 2019, Rubin, 
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This study focuses on the specific problem of gait analysis 

data. Human movement analysis studies human movements in 

different contexts such as clinical sport, behavioural and 

ergonomics applications. In particular gait analysis (GA) 

represents a clinical application with the aim to provide a 

quantitative assessment of the impact of movement disorders  

on the gait pattern. It can be applied to plan surgical 

interventions,  to assess the impact of prosthesis implants or 

treatment rehabilitations on the gait pattern (Belvedere, et al., 

2023, Armand, et al., 2024) and for injury prevention in sports 

(Sawacha, et al., 2021a). 

Data imputation in gait analysis represents a difficult 

challenge. Missing data is associated with technical issues 

during acquisitions (i.e. marker occlusions, missing force plate 

strikes, electromyography probes movement artifacts). 

Armand et al. (Armand, et al., 2024) reports that at least six 

trials  are needed in order to have the correct representation of 

an individual gait pattern. Pathological subjects are not always 

compliant, especially in the presence of serious 

musculoskeletal impairments that prevent from being able to 

replicate the acquisition multiple times, in particular when 

long tasks are investigated. Different obstacles might be faced 

to obtain an adequate number of representative trials, in 

particular in the presence of   neurodevelopmental disorders 

(i.e., intellectual disability (ID), autism spectrum disorder 

(ASD)) and when children are involved.   GA could be 

challenging and not always possible to obtain data for each 

patient and for the required number of trials. 

Whenever a MV is present both in terms of feature or 

observations either the subject is disregarded from the 

analysis, due to insufficient information, or a variable number 

of observations is used for each subject. 

In GA studies different algorithms have been applied to impute 

missing values, however there are only a few studies, to the 

authors knowledge, considering imputation on punctual 

values. Thiesmeir et al (Thiesmeir, et al., 2024) evaluate three 

multiple imputation methods: fully conditional specification 

(FCS), multivariate normal (MVN), conditional quantile 

imputation (CQI) on gait speed data; Piet et al. (Piet, et al., 

2024) compared K-Nearest Neighbors algorithm (KNN), 

Multiple Imputation by Chained Equations (MICE) (Van 
Buuren and Groothuis-Oudshoorn, 2011),  Miss Forest (MF) 

(Stekhoven and Bühlmann, 2012), and Multiple Imputation 

with Denoising Autoencoders (MIDAS) (Lall and Robinson, 

2022)  

This study highlights not only the importance of imputation in 

a specific field of bioengineering applications (i.e., GA), but 

also in the context of  a specific pathology (i.e., Fragile X 

Syndrome (FXS)) and a specific population (i.e., children), 

where each of these aspects poses different challenges.  FXS 

is the most common cause of ID and ASD (Hagerman, et al., 

2017). Besides the cognitive impairments, children with FXS 

show typical musculoskeletal manifestations, which include 

hypotonia, joint laxity and flat feet (Jacquemont, et al., 2007) 

and lead to a pathological gait pattern, which justify referral to 

GA as part of their clinical assessment. Both physical and 

cognitive impairment play a role in their gait alterations 

(Sawacha, et al., 2021b), and GA is carried on with the aim to 

plan  personalized rehabilitation intervention.  

The aim of this study is to evaluate two techniques of 

imputation, imputation with mean and imputation with partial 

least square (PLS) algorithm. 

2. DATASET 

2.1 Gait analysis acquisition procedure 

Appropriate informed consent was obtained for each subject 

enrolled in the study for participation, scientific use of the data 

and publication (Local Ethic Committee, Università Azienda 

Ospedaliera di Padova, Trial No. 46039, submitted 29 July 

2019). Seventy-two children with FXS were evaluated in a 

clinical routine at the Department of Women’s and Children 

Health, University of Padova. Fifteen control subjects (CS) 

with typical neurodevelopment were evaluated at the 

BiomMovLab, University of Padova. It should be mentioned 

that the different acquisition setting is justified as the ASD 

associated with FXS prevents the adoption of complex 

techniques (i.e., stereophotogrammetry) that require long 

preparation time for applying several markers on the subject 

skin (i.e., hypersensitivity) and dedicated laboratory which are 

not recognized as familiar from FXS children. Four 

synchronized cameras (GoPro Hero7, 1080 × 1920 pixel 

resolution, 60 fps) and two sEMG systems (FreeEmg, BTS, 

1000 Hz, and Cometa Vicon, 2000 Hz) that collected the 

activity of the Tibialis anterior (TA), Gastrocnemius lateralis 

(GL), Rectus femoris (RF) and Biceps femoris (BF) 

bilaterally, were used for GA acquisitions. 

 

2.2 Data processing 

In the current study only EMG signals have been considered. 

Raw data were post-processed as in (Sawacha, et al., 2021b). 

EMG data were filtered according to ESMAC standards 

(Armand, et al., 2024). Six trials per subject were assessed at 

self-selected speed, and muscle envelopes obtained.   

Two features for each trial of each subject were extracted using 

Dynamic Time Warping (DTW) algorithm (Steinmetzer, et al., 

2020). The mean value from CS served as a reference, and 

through DTW analysis two biomarkers were defined: DTW 

distance (DTWdist) and energy of the optimal DTW path 

(DTWpath).  

 

3. IMPUTATION TECHNIQUES 

Since the aim of this study is to evaluate a specific imputation 

method, the dataset was reduced to include samples which did 

not present any MV, and thus 64 children with FXS and 9 CS. 

This dataset served as a ground truth, thus providing a 

reference for comparing the effectiveness of the different 

imputation methods. This information contains observations 

from each trial for all subjects in the rows, with extracted 

features represented in the columns. In more details, the CS 

dataset includes 54 observations and 8 features, while the FXS 

dataset contains 384 observations and 8 features. To simulate 

real-world scenarios involving missing data, MVs were 

randomly introduced into the datasets at varying proportions 

(from 1% to 20%) both at the level of the single feature or the 

entire observation, and aix distinct analyses were performed to 

evaluate the impact of increasing numbers of MV per 

observation (i.e., per row). In the first analysis, each row 

contained at most one MV, meaning that no more than one 
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an individual gait pattern. Pathological subjects are not always 

compliant, especially in the presence of serious 

musculoskeletal impairments that prevent from being able to 

replicate the acquisition multiple times, in particular when 

long tasks are investigated. Different obstacles might be faced 

to obtain an adequate number of representative trials, in 

particular in the presence of   neurodevelopmental disorders 
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challenging and not always possible to obtain data for each 
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(GL), Rectus femoris (RF) and Biceps femoris (BF) 

bilaterally, were used for GA acquisitions. 

 

2.2 Data processing 

In the current study only EMG signals have been considered. 

Raw data were post-processed as in (Sawacha, et al., 2021b). 

EMG data were filtered according to ESMAC standards 

(Armand, et al., 2024). Six trials per subject were assessed at 

self-selected speed, and muscle envelopes obtained.   

Two features for each trial of each subject were extracted using 

Dynamic Time Warping (DTW) algorithm (Steinmetzer, et al., 

2020). The mean value from CS served as a reference, and 

through DTW analysis two biomarkers were defined: DTW 

distance (DTWdist) and energy of the optimal DTW path 

(DTWpath).  

 

3. IMPUTATION TECHNIQUES 

Since the aim of this study is to evaluate a specific imputation 

method, the dataset was reduced to include samples which did 

not present any MV, and thus 64 children with FXS and 9 CS. 

This dataset served as a ground truth, thus providing a 

reference for comparing the effectiveness of the different 

imputation methods. This information contains observations 

from each trial for all subjects in the rows, with extracted 

features represented in the columns. In more details, the CS 

dataset includes 54 observations and 8 features, while the FXS 

dataset contains 384 observations and 8 features. To simulate 

real-world scenarios involving missing data, MVs were 

randomly introduced into the datasets at varying proportions 

(from 1% to 20%) both at the level of the single feature or the 

entire observation, and aix distinct analyses were performed to 

evaluate the impact of increasing numbers of MV per 

observation (i.e., per row). In the first analysis, each row 

contained at most one MV, meaning that no more than one 

feature value was missing per observation. In the second 

analysis, up to two MVs per row were allowed. This pattern 

continued incrementally, increasing the per-row MV limit by 

one in each subsequent analysis, up to a maximum of six MVs 

per row in the final analysis. The locations of the missing 

values were selected completely at random, ensuring no 

systematic bias in their placement. Note that each analysis has 

been conducted separately on the FXS and CS groups.  

 

3.1 Imputation with mean 

 

To the best of our knowledge, the most used imputation 

method used in GA is through the mean of each feature 𝑥𝑥𝑗𝑗. 

This method is simple to implement and computationally fast, 

and relies on imputing MV using the mean of the observed 

values of that feature, i.e., 

 

                                  𝑥̂𝑥𝑖𝑖𝑖𝑖 =  
1

𝑛𝑛𝑗𝑗

∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ∈ 𝜃𝜃𝑗𝑗
                           (1) 

 

where 𝑥̂𝑥𝑖𝑖𝑖𝑖  is the imputed value for observation 𝑖𝑖 and feature 𝑗𝑗; 

𝜃𝜃𝑗𝑗 is the set of indices of observed (non-missing) values for 

feature 𝑗𝑗; 𝑛𝑛𝑗𝑗 is the number of observed value for feature 𝑗𝑗;  𝑥𝑥𝑖𝑖𝑖𝑖  

are the observed values; i ∈ [1, 54] for CS; i ∈ [1, 384] for 

FXS; j ∈ [1, 8] for both datasets. 

 

3.2 Imputation with PLS regression 

 

The algorithm we aim at testing is PLS regression (PLSR), a 

statistical tool mainly used in predictive modeling when 

features are many and highly collinear (Randall, 1995). The 

algorithm has the favorable property of being intrinsically a 

multivariate data analysis tool, and thus of being able to 

capture potential correlation structures among the outputs (i.e., 

in this case, the missing values). 

PLSR typically benefits from scaling the data so to ensure all 

features to contribute equally during the modelling process, 

and a common strategy to achieve this is by transforming each 

data point in a way that the resulting distribution for each 

feature is zero mean and unitary standard deviation. 

This manuscript explicitly analyses thus a PLSR model that 

was initialized with 2 components (i.e., the number of latent 

variables that the PLS algorithm will extract; in a nutshell, this 

hyperparameter dictates its flexibility in capturing underlying 

data structures).  To address the presence of missing values in 

our dataset, an iterative imputation framework was employed, 

with PLSR serving as the underlying estimator. This approach 

leverages the correlational structure of the data to estimate 

missing values, aiming to preserve the integrity of the dataset 

for subsequent analyses. Specifically, we utilized the 

IterativeImputer from the scikit-learn Python library. This 

method operates by modeling each feature containing missing 

values as a function of all other features in the dataset. The 

imputation process proceeds in a round-robin fashion: for each 

feature with missing data, a regression model is trained using 

its observed values as the target and all other features 

(including previously imputed values) as predictors. The 

trained model then predicts and fills the missing entries for that 

specific feature. This process is repeated sequentially for all 

features with missing values, completing one full iteration. For 

the purpose of imputation, when a feature j is being imputed, 

it acts as the response variable, and all other features act as 

predictors.The fundamental relationships within the PLS 

model, when applied to predict a feature j from other features, 

can be conceptualized as 

                                 𝑇𝑇 =  𝑋𝑋−𝑗𝑗𝑊𝑊                                           (2) 

                                  𝑥̂𝑥𝑗𝑗 = 𝑇𝑇𝑇𝑇                                               (3) 

 

where 𝑋𝑋−𝑗𝑗 represents the matrix of all features excluding the 

one currently being imputed (i.e., feature j); W denotes the 

weight matrix that defines the linear combinations of the 

original features to form the latent components (scores); T 

represents the matrix of latent scores (that means, in our case 

dealing with two components, that T captures the two principal 

latent dimensions explaining the relationships between 𝑋𝑋−𝑗𝑗 

and 𝑥𝑥𝑗𝑗); q represents the regression coefficients that relate the 

latent components in T to the target feature defined by 𝑥𝑥𝑗𝑗 (and 

that thus enable predicting MVs; 𝑥̂𝑥𝑗𝑗 = 𝑇𝑇𝑇𝑇 is indeed the 

predicted value for feature j). 

The process of learning the weights W and T above is done 

iteratively for a maximum of 10 iterations or until 

convergence. At each iteration t, the imputed values for a 

feature j and observation i are updated based on the PLSR 

model's prediction, utilizing the feature values from the 

previous iteration, and thus 

 

                              𝑥̂𝑥𝑖𝑖𝑖𝑖

(𝑡𝑡)
= 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗(𝑧𝑧𝑖𝑖,−𝑗𝑗

(𝑡𝑡−1)
)                                (4) 

 

where the left hand side is the imputed value for observation i 

of feature j at iteration t. The right hand side of the equation 

denotes instead the Partial Least Squares model trained to 

predict feature j (and the argument of the function in this right 

hand side represents the values of all features excluding feature 

j for observation i, as they were at the end of iteration t-1. This 

includes actual observed values and values that were imputed 

in the previous iteration. 

The use of an iterative approach with PLS as the estimator 

allows for a multivariable/multivariate handling of missing 

data, as it computes imputed values by accounting for inter-

feature dependencies across multiple cycles. 

Note that after imputation, the data shall then be inverse-scaled 

back to the original scales. This approach leverages the 

strength of PLSR in handling multicollinearity and high-

dimensional data, making it particularly suitable for structured 

datasets where relationships between variables are expected to 

be linear and strong. Even if this approach is more complex 

than imputing MV with the observed mean, it is as 

computationally demanding as the first model. 

Figure 1 (first scenario with one MV per row) and Figure 2 

(second scenario with two MV per row) illustrate two example 

dataset used to demonstrate the introduction of MVs and the 

application of the PLSR algorithm on the dataset. In Figure 1, 

one MV per row is introduced, while in Figure 2, two MVs per 

row are included. The dataset follows a typical structure used 

in machine learning analyses, where each row corresponds to 

an observation and each column to a feature. Red rectangles 

indicate the missing values that were imputed, whereas green 

rectangles represent the true original values from the dataset, 

which were used to train the PLSR model. 
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Figure 1: Schematic representation of the first scenario, where one 

MV per row is introduced. Red rectangles mark the positions of the 

imputed MVs, while green rectangles indicate the true values used to 

train the PLSR model. Var1, Var2, etc. correspond to the 8 features 

of the dataset; n is the number of observations. 

 

 

 
Figure 2: Schematic representation of the first scenario, where two 

MVs per row are introduced. Red rectangles mark the positions of the 

imputed MVs, while green rectangles indicate the true values used to 

train the PLSR model. Var1, Var2, etc. correspond to the 8 features 

of the dataset; n is the number of observations. 

 

3.3 Comparing the effectiveness of the two approaches 

 

To assess the different capabilities of the two algorithms in 

solving the MV task, we compute Kullback–Leibler (KL) 

(Kullback, S. and Leibler, R.A., 1951) divergences between 

the distribution of the original dataset, considered as the 

ground truth, and the distributions of the imputed datasets. We 

thus quantify how much the distribution of a model 𝑄𝑄 (imputed 

dataset) diverges from the true distribution 𝑃𝑃 (original dataset). 

Numerically thus, 

 

                𝐾𝐾𝐾𝐾(𝑃𝑃 ∥ 𝑄𝑄) =  ∑ 𝑃𝑃(𝑖𝑖) 𝑙𝑙𝑙𝑙𝑙𝑙 (
𝑃𝑃(𝑖𝑖)

𝑄𝑄(𝑖𝑖)
)𝑖𝑖                             (5) 

 

where 𝑃𝑃(𝑖𝑖) and 𝑄𝑄(𝑖𝑖) are the (empirical) probabilities of the 

measured values. 

 

KL divergence was calculated for each feature individually 

and then averaged across all features to obtain a single mean 

value for each missingness percentage and scenario, for both 

methods and both dataset.  

4. RESULTS 

The aim of this work is to evaluate PLSR  as an imputation 

method. To achieve this, known values were artificially treated 

as missing and then imputed, allowing a direct comparison 

with the original dataset. Different percentages (from 5 to 20) 

were evaluated across six different scenarios: one MV per row, 

two MV per row, up to six MV per row. PLSR method has 

been compared to a simple method of imputation often used in 

literature: imputation with mean of each feature.  

 

The effectiveness of the two imputation methods has been 

evaluated through KL divergence and results for each analysis 

have been reported in Figure 3 (FXS group) and Figure 4 (CS 

group). KL divergence values are reported for each analysis as 

mean of KL divergence values of each feature of the dataset. 

The analysis was conducted separately for both the FXS and 

CS groups, and similar trends were observed across the two 

cohorts. As expected, for both imputation methods (mean 

imputation and PLSR imputation), the values of the KL 

divergence increased progressively with the proportion of 

missing data introduced into the dataset, as shown along the x-

axis of the plots. This indicates that as the percentage of 

missing values grows, the divergence between the original and 

imputed data distributions becomes larger, reflecting a 

deterioration in imputation accuracy. 

 

 
Figure 3: KL divergence values as a function of the percentage of 

missing data (x-axis) for the CS group for mean imputation (blue line) 

and PLSR imputation (orange line). In each subplot six different 

missingness scenarios, organized from top to bottom (two subplots 

per row) according to the increasing number of missing values per 

row. 

 

Additionally, a clear pattern emerged with respect to the 

number of missing values per row: as the maximum number of 

missing entries allowed per row increased, the KL divergence 

also tended to increase. This effect was consistent across all 

percentages of missing data and for both groups, suggesting 

that denser patterns of missingness exacerbate the difficulty of 

accurate imputation. 

 

Importantly, across all experimental conditions regardless of 

the percentage of missing values or the missingness pattern, 

PLSR (orange line) consistently outperformed mean 

imputation (blue line). In both the FXS and CS groups, PLS-

based imputations resulted in lower KL divergence values 
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value for each missingness percentage and scenario, for both 

methods and both dataset.  
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The aim of this work is to evaluate PLSR  as an imputation 

method. To achieve this, known values were artificially treated 

as missing and then imputed, allowing a direct comparison 

with the original dataset. Different percentages (from 5 to 20) 

were evaluated across six different scenarios: one MV per row, 

two MV per row, up to six MV per row. PLSR method has 

been compared to a simple method of imputation often used in 

literature: imputation with mean of each feature.  

 

The effectiveness of the two imputation methods has been 

evaluated through KL divergence and results for each analysis 

have been reported in Figure 3 (FXS group) and Figure 4 (CS 

group). KL divergence values are reported for each analysis as 

mean of KL divergence values of each feature of the dataset. 

The analysis was conducted separately for both the FXS and 

CS groups, and similar trends were observed across the two 

cohorts. As expected, for both imputation methods (mean 

imputation and PLSR imputation), the values of the KL 

divergence increased progressively with the proportion of 
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axis of the plots. This indicates that as the percentage of 
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Figure 3: KL divergence values as a function of the percentage of 

missing data (x-axis) for the CS group for mean imputation (blue line) 

and PLSR imputation (orange line). In each subplot six different 

missingness scenarios, organized from top to bottom (two subplots 

per row) according to the increasing number of missing values per 

row. 

 

Additionally, a clear pattern emerged with respect to the 

number of missing values per row: as the maximum number of 

missing entries allowed per row increased, the KL divergence 

also tended to increase. This effect was consistent across all 

percentages of missing data and for both groups, suggesting 

that denser patterns of missingness exacerbate the difficulty of 

accurate imputation. 

 

Importantly, across all experimental conditions regardless of 

the percentage of missing values or the missingness pattern, 

PLSR (orange line) consistently outperformed mean 

imputation (blue line). In both the FXS and CS groups, PLS-

based imputations resulted in lower KL divergence values 

compared to mean imputation, demonstrating greater fidelity 

in preserving the original data structure. 

 

 
Figure 4: KL divergence values as a function of the percentage of 

missing data (x-axis) for the FXS group for mean imputation (blue 

line) and PLSR imputation (orange line). In each subplot six different 

missingness scenarios, organized from top to bottom (two subplots 

per row) according to the increasing number of missing values per 

row. 

5. DISCUSSION 

We evaluated the performance of PLSR as an imputation 

method for reconstructing missing data for the specific case of 

GA, comparing it to the commonly used mean imputation 

approach. Our analysis, conducted on both FXS and CS groups 

under varying levels of missingness and different missingness 

scenarios, consistently demonstrated the superior performance 

of PLS regression in preserving the original data distribution. 

As the proportion of missing data increases, we measure both 

methods to exhibit higher KL divergence values, reflecting the 

growing challenge of accurate imputation. Similarly, a greater 

number of missing values per row leads to increased 

divergence. However, in our datasets PLSR consistently 

outperforms mean imputation across all conditions, 

maintaining lower KL divergence values regardless of the 

level or pattern of missingness. These results highlight the 

robustness of PLSR, particularly in structured datasets where 

multicollinearity and strong linear relationships among 

variables are present. 

Compared to traditional mean imputation, PLSR seems to 

more successfully leverage inter-variable dependencies to 

generate more accurate imputations. This finding aligns with 

previous studies emphasizing the importance of multivariate 

approaches for missing data handling in high-dimensional 

datasets (Rubin 1976, Little and Rubin 2019). An additional 

strength of this approach is its computational efficiency: 

despite the iterative modeling steps, the use of a low number 

of PLS components (two) allowed fast convergence even in 

datasets with up to 50% missing values. 

Nonetheless, some limitations must be acknowledged. First, 

the method assumes approximately linear relationships among 

variables, which may not always hold in real-world datasets. 

Second, the analysis focused solely on randomly induced 

missingness (MCAR or MAR); the behavior under MNAR 

conditions remains to be explored. 

Future work could extend this evaluation by applying PLS-

based imputation to larger and more complex datasets, 

incorporating nonlinear modeling extensions (e.g., kernel 

PLS), or comparing it against established and advanced 

imputation techniques such as k-nearest neighbors 

(Troyanskaya et al., 2001), MICE (Van Buuren and Groothuis-

Oudshoorn, 2011), MissForest (Stekhoven & Bühlmann, 

2012), matrix completion approaches like SoftImpute 

(Mazumder et al., 2010), or recent deep learning-based 

methods such as autoencoder-based imputation (Gondara & 

Wang, 2018). 

 

6. CONCLUSIONS 

In conclusion, our findings support the use of PLSR as a 

robust, accurate, and computationally efficient method for 

imputing missing values in structured datasets, particularly 

when preserving multivariate relationships is critical. The 

PLSR-based imputation demonstrated greater robustness 

compared to mean imputation, without incurring additional 

computational costs. 
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