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COMPARATIVE ANALYSIS AND EXPERIMENTAL
EVALUATION OF ALGORITHMS FOR
RECOVERING MISSING (NAN) VALUES IN
INFORMATION SYSTEM DATA

Yarmatov Sherzodjon Shokir oglu
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Orifov Oxunjon Fazliddinzoda
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Abstract. This article investigates the problem of identifying and recovering missing (NaN) values in
information system data and examines their influence on analytical results. During the research process, artificial
missing values with different proportions were generated based on a complete dataset and subsequently
restored using statistical and machine-learning-based imputation methods. The effectiveness of each algorithm
was evaluated using error metrics obtained through comparison with the original ground-truth values. The
obtained results made it possible to determine the efficiency of different methods depending on the structure of
the data and to establish a methodological basis for selecting optimal approaches in the intelligent analysis of
information system data. The findings of the study contribute positively to improving data quality and enhancing
the reliability of analytical processes.

Keywords: NaN values, missing data, imputation algorithms, KNN imputation, MICE method, data
analysis, machine learning, information systems.

Annotatsiya. Ushbu maqolada axborot tizimlari ma’lumotlarida uchraydigan yetishmayotgan (NaN)
giymatlarni aniglash va tiklash muammosi hamda ularning tahliliy natijalarga ta’siri tadqgiq etilgan. Tadgigot
jarayonida to‘liq ma’lumotlar to‘plami asosida turli ulushdagi sun’iy yetishmayotgan giymatlar shakllantirilib, ular
statistik va mashinaviy o‘gitishga asoslangan imputatsiya usullari yordamida qayta tiklandi. Har bir algoritmning
samaradorligi tiklangan giymatlarni original ground-truth ma’lumotlari bilan taqqoslash orgali olingan xatolik
ko‘rsatkichlari asosida baholandi. Olingan natijalar ma’lumotlar tuzilmasiga garab turli usullarning samaradorligini
aniglash hamda axborot tizimlari ma’lumotlarini intellektual tahlil gilishda optimal yondashuvlarni tanlash
uchun metodologik asos yaratishga xizmat giladi. Tadqigot natijalari ma’lumotlar sifati va tahliliy jarayonlarning
ishonchliligini oshirishga ijobiy hissa go‘shadi.

Kalit so‘zlar: NaN giymatlar, yetishmayotgan ma’lumotlar, imputatsiya algoritmlari, KNN imputatsiyasi,
MICE usuli, ma’lumotlar tahlili, mashinaviy o‘qitish, axborot tizimlari.

AHHoTaumA. B gaHHow ctatbe nccrnegyetca npobnema BbISBIEHNS 1 BOCCTAHOBMEHUS OTCYTCTBYHOLLMNX
(NaN) 3HayeHun B gaHHbIX MHPOPMALIMOHHBLIX CUCTEM, @ TaKKe MX BINAHME Ha pe3ynbTaTbl aHanmMTUYEeCKOn
obpaboTkn. B xoge nccnegoBaHms Ha OCHOBE MOJTHOTO Habopa AaHHbIX ObIM UCKYCCTBEHHO CHOPMUPOBAHDI
NPONyLLUEHHbIE 3HAYeHMs C PasnMyHOW LONIEW, MOCME Yero OHWM BOCCTaHaBMMBAaNMCb C MCMOSIb30BaHUEM
CTaTUCTUYECKMX METOLOB U anropUTMOB MMMYyTaLMU, OCHOBaHHbIX HA MalIMHHOM 0By4yeHnn. OPHEKTUBHOCTD
Kakgoro anropMtMa oOueHMBanacb Ha OCHOBEe mMokasaTenen owmnboK, MOMyYeHHbIX MyTEM CpaBHEHMWS
BOCCTAHOBJEHHbIX 3Ha4YeHun C ucxogHbiMu ground-truth gaHHbIMUK. [lonyvyeHHble pes3ynbTaTbl MNO3BONUIN
onpegenuTb 3PdMEKTUBHOCTb Pa3fMYHbIX METOAOB B 3aBMCMMOCTM OT CTPYKTYpPbl AaHHbBIX U COpMMpOBaTh
METOAOMOrM4YEeCKyo OCHOBY Afs Bbibopa onTumarnbHbIX NOAXOA0B MPU MHTENMEKTyanbHOM aHanuae gaHHbIX
WH(POPMALIMOHHBIX cucTeM. PesynbTaTbl mccrnegoBaHWss CnocOOCTBYHOT MOBbLILIEHUIO KavyecTBa AaHHbIX U
HaOEeXHOCTU aHaNUTUYECKNX MPOLLECCOB.

KniouyeBble cnoBa: NaN-3HauyeHus, nponyLueHHble AaHHble, anropuTMbl uMmnyTaumm, KNN-nmnyTtauus,
meTtoa MICE, aHanua gaHHbIX, MallMHHOE 0by4eHne, HPOPMALIMOHHBLIE CUCTEMBI.
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INTRODUCTION

In recent years, the rapid development of information systems has led to the generation of large volumes
of data across various domains. Such data have become an important resource in management processes,
scientific research, and decision-making systems. At the same time, the problem of incomplete data frequently
arises during the formation of real-world datasets. Missing values may occur due to the absence of information
for certain attributes or as a result of inaccuracies during data collection and recording processes. These values
are commonly represented in the form of NaN (Not a Number).

The presence of missing values in a dataset can significantly affect the quality and reliability of analytical
processes. Statistical calculations, data-driven models, and machine-learning algorithms generally require
complete and consistent datasets. When missing values exist within the data, certain computational procedures
may produce less accurate results, while the predictive performance of analytical models may decrease.
Therefore, identifying missing values, analyzing their causes, and recovering them using appropriate methods
represent essential stages prior to conducting data analysis.

Various methods are applied in practice to handle missing values effectively. The simplest approaches
include statistical techniques such as mean, median, and mode imputation. Although these methods are
computationally efficient and easy to implement, they do not always account for complex relationships among
data attributes. For this reason, machine-learning-based approaches, including KNN imputation, MICE, and
regression-based methods, have become increasingly popular in recent years. These algorithms enable more
accurate recovery of missing values by considering statistical and functional relationships among data attributes.

The effectiveness of missing-value recovery algorithms largely depends on the structure of the dataset,
the number of attributes, and the degree of interdependence between variables. Therefore, conducting
experimental comparisons of different algorithms under identical conditions constitutes an important scientific
task. Such studies make it possible to determine which algorithms provide higher efficiency and reliability for
specific types of data.

This article experimentally evaluates the effectiveness of algorithms designed for recovering missing
values in information-system data. During the research process, a complete dataset was selected, and artificial
missing values with different percentages were generated within it. These missing values were subsequently
restored using various imputation algorithms, and the obtained results were compared with the original ground-
truth values. Based on the experimental evaluation results, a comparative analysis of the algorithms was carried
out, and their effectiveness was assessed using error metrics.

The results of this study may serve as an important methodological basis for selecting appropriate missing-
data-processing techniques in the intelligent analysis of information-system data. Furthermore, the proposed
approach contributes to improving data quality, increasing the reliability of analytical processes, and enhancing
the accuracy of subsequent predictive models.

LITERATURE REVIEW

The problem of missing values in datasets has long been recognized as one of the significant challenges
in the field of data analysis. In various information systems, missing values may occur during data collection
processes due to technical failures, human factors, interruptions in data transmission, or incomplete recording
of certain attributes. Since statistical and analytical models generally operate on complete and consistent
datasets, the presence of missing values may lead to inaccurate analytical results and reduce the overall
accuracy and reliability of predictive models. Therefore, the development and improvement of methods for
identifying and recovering missing values have become one of the key directions of contemporary scientific
research.

Scientific literature extensively discusses the causes of missing values and their impact on data analysis
processes. In most studies, missing data are classified into three main categories: MCAR (Missing Completely At
Random), MAR (Missing At Random), and MNAR (Missing Not At Random). In the MCAR case, missing values
occur randomly and are independent of other attributes within the dataset. In the MAR case, missing values
may depend on other observed attributes in the dataset. In the MNAR case, the occurrence of missing values
depends directly on the attribute itself. This classification provides an important methodological foundation for
selecting appropriate algorithms and approaches for processing missing values effectively (Figure 1).

https://ist-journal.uz t.me/scupus_IST2100 @
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Figure 1. Classification of Missing Data Types.

The diagram presented in Figure 1 illustrates the main types of missing data. In statistical analysis, missing
values are generally classified into three primary categories: MCAR (Missing Completely At Random), MAR
(Missing At Random), and MNAR (Missing Not At Random). This classification plays an important role in
understanding the mechanisms of data loss and in selecting appropriate imputation methods.

Various approaches have been proposed for handling missing values effectively. Among the simplest
methods are statistical imputation techniques. In these approaches, missing values are replaced with the mean,
median, or mode of the corresponding attribute. Such methods are computationally efficient and provide rapid
results, particularly for small datasets. However, these approaches often fail to consider complex relationships
among data attributes, which may artificially reduce data variance and negatively affect analytical accuracy.

In recent years, machine-learning-based imputation methods have become increasingly widespread.
One of the most commonly applied approaches is the KNN (K-Nearest Neighbors) imputation method, which
restores missing values based on the most similar observations. In this approach, distances between data
instances are calculated, and missing values are estimated using the nearest neighbors. Since this method
takes local relationships within the data into account, it can provide higher accuracy and reliability compared to
simple statistical techniques.

Another widely used method is the MICE (Multiple Imputation by Chained Equations) algorithm. In this
approach, a regression model is constructed for each attribute, and missing values are recovered iteratively.
The MICE algorithm makes it possible to account for statistical relationships among attributes in multivariate
datasets. Therefore, it can produce highly effective results when working with data characterized by complex
structures and multidimensional dependencies.

In addition, regression-based imputation methods are also widely utilized in scientific research. In such
approaches, missing values are predicted on the basis of existing relationships among other attributes.
Furthermore, some studies have employed ensemble-algorithm-based approaches, which have demonstrated
high levels of predictive accuracy and analytical stability (Figure 2).

Imputation
Methods
A 4 \ 4
Statistical Machine Learning
Methods Methods
h 4

v v ' { 1
[ Mean J [ Median J [ Mode ’ ‘ KNN ] l MICE ] l Regression ]

Figure 2. Main Groups of Missing Value Recovery Methods.
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The scheme presented in Figure 2 illustrates the main groups of methods used for recovering missing
values. Imputation approaches are generally divided into statistical methods and machine-learning-based
methods. While statistical methods are computationally simple and efficient, machine-learning approaches
make it possible to recover missing values with higher accuracy by taking relationships among data attributes
into account.

Numerous scientific studies have experimentally compared the effectiveness of different imputation
algorithms. Research findings indicate that the performance of these algorithms may vary depending on the
structure of the dataset, the proportion of missing values, and the relationships among variables. Therefore, it is
difficult to consider any single algorithm as a universal solution for all types of datasets. In practical applications,
determining the most effective method requires testing different algorithms on the same dataset and conducting
a comparative analysis of the obtained results.

The present study is also based on this scientific approach. Specifically, artificial missing values are
generated using a complete dataset and subsequently recovered through various imputation algorithms.
The obtained results are then compared with the original ground-truth values, and the effectiveness of the
algorithms is evaluated using error metrics. This approach makes it possible to conduct an objective and
reliable comparison of missing-value recovery algorithms and to determine their applicability under different
data conditions.

The problem of missing values in datasets has been extensively studied in modern scientific research
due to its significant impact on data quality and analytical accuracy. Roderick J. A. Little and Donald B. Rubin
emphasized that missing data mechanisms such as MCAR, MAR, and MNAR play an important role in selecting
appropriate imputation techniques. According to Stef van Buuren, advanced imputation methods, particularly
MICE, allow researchers to preserve statistical relationships among variables in multivariate datasets.
Research conducted by Olga Troyanskaya demonstrated that KNN-based approaches can effectively recover
missing values in complex datasets by utilizing similarities between observations. Furthermore, studies by
Trevor Hastie and Jerome Friedman highlighted the importance of machine learning algorithms in improving
predictive accuracy during missing-data processing. These studies provide a strong methodological foundation
for evaluating imputation algorithms in information systems.

RESEARCH METHODOLOGY

In this study, an experimental approach was employed to determine the effectiveness of algorithms for
recovering missing (NaN) values in information-system data. The research process consisted of several
sequential stages, including dataset preparation, artificial generation of missing values, application of various
imputation algorithms, and evaluation of the obtained results. Such an approach makes it possible to test
algorithms under identical conditions and to conduct an objective and reliable comparative analysis of their
performance.

The research process was organized according to the following main stages: dataset preparation,
generation of artificial NaN values, application of imputation algorithms, recovery of missing values, and analysis
of algorithm accuracy based on evaluation metrics. This methodological framework ensured the consistency of
the experimental procedures and enhanced the reliability and scientific validity of the obtained results.

ANALYSIS AND RESULTS

The study utilized a dataset derived from the California Housing dataset, which contains statistical
information related to housing in the California region. This dataset consists of attributes representing economic
and demographic indicators associated with the real-estate market and is considered one of the most widely
used real-world datasets in the fields of machine learning and data analysis.

The dataset includes indicators describing the geographical location of houses, population size within
districts, number of households, average age of houses, number of rooms, number of bedrooms, median
income, and median house value. These attributes represent important factors reflecting the economic and
demographic characteristics of the housing market and provide a reliable basis for analytical research.

At the initial stage, the structure of the dataset was examined, and the data types of the attributes were
analyzed. Since the dataset contained the categorical attribute ocean_proximity, only numerical attributes were
selected for the application of imputation algorithms. As a result, the experimental analysis was conducted
using a dataset consisting of nine numerical attributes.

The preliminary inspection of the dataset demonstrated that it did not contain any missing values. This
made it possible to artificially generate NaN values and compare the values restored by the algorithms with

https://ist-journal.uz t.me/scupus_IST2100 @
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the original ground-truth values contained in the dataset. Therefore, the selected dataset provided a suitable
and reliable experimental environment for evaluating the accuracy and effectiveness of imputation algorithms.

At the next stage of the research process, artificial missing values were generated within the dataset. For
this purpose, certain attribute values were randomly selected and replaced with NaN values. This process was
carried out to simulate the occurrence of missing values that may arise in real information systems during data
collection, transmission, or storage processes.

Since the missing values were generated using a random-selection approach, they correspond to the MCAR
(Missing Completely At Random) model. In this model, missing values occur randomly and are independent
of other attributes within the dataset. Such an approach provides a reliable experimental basis for objectively
evaluating the performance of missing-value recovery algorithms under controlled conditions (Table 1).

Table 1
During the experimental study, missing values were generated at four different levels!
Missing Value Ratio Mean Imputation Median Imputation KNN Imputation MICE Imputation
5% 5% 5% 5% 5%
10% 10% 10% 10% 10%
20% 20% 20% 20% 20%
30% 30% 30% 30% 30%

At each level, values from every attribute in the dataset were randomly selected with equal probability and
replaced with NaN values. Such an approach makes it possible to evaluate the performance and stability of the
algorithms under different levels of data loss.

To recover the artificially generated missing values, four imputation algorithms based on statistical and
machine-learning approaches were applied. The table presents the main characteristics, mathematical
formulations, and Python-based implementations of the imputation algorithms used in the study. Since these
algorithms cover both statistical and machine-learning approaches, they provide an opportunity to recover
missing values from different analytical perspectives and to conduct a comprehensive comparative evaluation
of their effectiveness (Table 2).

Table 2
Description of the Imputation Algorithms Used in the Study?
Ne | Algorithm Description (Purpose) Mathematical Python (Scikit-learn)
Name Expression Implementation
1 Mean In this method, missing values are replaced with the . 7 SimpleImputer
. . : P = _, ,
Imputation mean value of the corresponding attribute. Although (strategy='mean')
this approach is computationally simple and
efficient, it may lead to a reduction in data variance.
2 Median In this approach, missing values are replaced with ] = SimpleImputer
. . . . &Ir; =& -, S,
Imputation the median value of the corresponding attribute. The (strategy="median’)
median method can provide more stable and reliable
results, particularly when the data distribution is
skewed or when outlier values are present.
3 KNN In this method, which is based on the K-Nearest L & KNNImputer (n_
Imputation Neighbors (KNN) algorithm, missing values are T = % > j—1T; [neighbors=5)
recovered using similar observations. The distances
between data instances are calculated, and the
estimated value is determined based on the values
of the nearest neighbors. This approach makes it
possible to utilize relationships among attributes
effectively. In the mathematical expression, XjX_jxj
represents the corresponding values of the kkk
nearest neighbors.

1 Created by author.
2 Created by author.
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4 MICE The Multiple Imputation by Chained Equations IterativeImputer
Imputation (MICE) method iteratively reconstructs missing €Ir; = f [X z') max_iter=10,
values by building a separate regression model random state=42)

for each attribute. This approach allows statistical
relationships among attributes to be taken into
account during the imputation process. In this
expression, f(X—1)f(X_{-i})f(X—i) represents the
regression model constructed using the remaining
attributes.

Before applying the KNN and MICE algorithms, attribute values were standardized using the StandardScaler
method. This process reduces the excessive influence of attributes with different value ranges on distance
calculations and ensures more accurate and reliable performance of the algorithms. Standardization also
improves the stability of machine-learning-based imputation methods and enhances the comparability of
attribute values during the recovery process.

To evaluate the effectiveness of the imputation algorithms, the recovered values were compared with
the original ground-truth values contained in the dataset. The following error metrics were used during the
evaluation process to determine the accuracy and reliability of the algorithms (Table 3).

Table 3
Evaluation Metrics®
Evaluation Metric | Mathematical Expression Description
MAE (Mean P reconered values and he oiginal
MAE = — =P,
(Absolute Error n Z:]]y e ground-truth values
RMSE (Root Mean - Average error calculated based on the
(Square Error RMSE = /12( ¥, =) square root of squared differences
ni

These metrics make it possible to quantitatively evaluate the accuracy and effectiveness of imputation
algorithms. The MAE metric represents the average absolute difference between the recovered values and
the original ground-truth values, while the RMSE metric indicates the average value calculated based on the
square root of squared errors. The smaller the metric value, the higher the accuracy and reliability of the
algorithm in recovering missing values.

All computational processes in this study were carried out using the Python programming environment.
Data preprocessing, application of imputation algorithms, and visualization of the obtained results were
performed on the Google Colab platform. During the experimental process, the NumPy, Pandas, Scikit-learn,
and Matplotlib libraries of Python were utilized extensively. The experimental results were presented through
tables and graphical representations, and the effectiveness of different imputation algorithms was evaluated by
means of comparative analysis.

The general block diagram of the research process reflects the sequential stages of dataset preparation,
generation of artificial missing values, application of imputation algorithms, recovery of missing values, and
evaluation of algorithm performance using error metrics. Such an integrated methodological approach ensures
the reliability, consistency, and scientific validity of the experimental results while providing a solid foundation

for the comparative assessment of missing-value recovery algorithms (Figure 3).
5 6
MAE & RMSE Comparative
Evaluation Analysis

[ Dataset H Artificial NaN
Preparation Generation
Figure 3. Evaluation Process of Missing Value Recovery Algorithms
The block diagram presented in Figure 3 illustrates the main stages of the research process in a sequential
and systematic manner. Initially, the dataset is prepared, and artificial missing values are generated within the
data. In the subsequent stages, imputation algorithms are applied, the recovered values are evaluated using
MAE and RMSE metrics, and a comparative analysis of the algorithms is conducted. Such an approach ensures

Research Workflow for Missing Value Recovery

3 4

Application of
Imputation Algorithms

Recovery of
Missing Values

3 Created by author.
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the consistency of the experimental process and enables an objective evaluation of algorithm performance.

In this study, an experimental analysis was carried out to evaluate the effectiveness of missing-value
recovery algorithms. During the experiment, artificially generated NaN values in the dataset were restored
using different imputation algorithms, and the recovered values were compared with the original ground-truth
values contained in the dataset. The accuracy and reliability of the algorithms were evaluated using MAE and
RMSE metrics.

Within the experimental process, missing values were generated at four different levels: 5%, 10%, 20%,
and 30%. At each level, the corresponding percentage of the dataset was randomly selected and replaced
with NaN values. Subsequently, the missing values were recovered using the Mean, Median, KNN, and MICE
algorithms, and the restored values were compared with the original values. This approach made it possible
to assess the effectiveness of the algorithms under different levels of data loss and to determine their relative
performance in recovering missing values accurately.

The MAE results obtained from the experiment for different percentages of NaN values are presented in
Table 4.

Table 4

MAE Results of the Imputation Algorithms*
Algorithm 5% 10% 20% 30%
Mean 10637 10446 10561 10565
Median 10263 10128 10299 10281
KNN 5452 6459 8905 10291
MICE 5963 6099 6545 7717

The results demonstrate that when the proportion of missing values was relatively low (5%), the KNN
algorithm achieved the smallest error value and showed high recovery accuracy. However, as the proportion of
NaN values increased, the error indicators of the KNN algorithm also increased noticeably.

At the 10%, 20%, and 30% NaN levels, the MICE algorithm demonstrated the lowest MAE values and
produced more stable and reliable results compared to the other methods. This indicates that algorithms
capable of considering statistical relationships among attributes perform more effectively, particularly when the
proportion of missing values increases and the data structure becomes more complex.

In addition, the Mean and Median imputation methods produced relatively higher error values in all
experimental cases. This finding suggests that simple statistical methods are not fully capable of recovering
complex data structures and multidimensional relationships among attributes. Nevertheless, these methods
remain computationally efficient and may still be useful in cases involving small datasets or low levels of
missing data.

The RMSE results obtained from the experiment are presented in Table 5.

Table 5

RMSE Results of the Imputation Algorithms®
Algorithm 5% 10% 20% 30%
Mean 39185 38628 39083 39012
Median 40102 39575 40309 40202
KNN 23608 26670 34301 38764
MICE 24455 25190 26711 31999

The RMSE results demonstrated a trend consistent with the MAE indicators. At the 5% NaN level, the KNN
algorithm achieved the lowest RMSE value and showed high recovery accuracy. However, as the proportion of
NaN values increased, the MICE algorithm produced significantly more stable and reliable results compared to
the other methods.

Under conditions with 20% and 30% missing values, the MICE algorithm recorded the lowest RMSE
values, demonstrating its strong capability to recover missing data accurately even when the proportion of
missing values became relatively high. These results confirm that algorithms capable of modeling statistical
relationships among attributes can maintain higher performance and stability in complex missing-data scenarios

4  Created by author.
5  Created by author.
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(Table 6).

Table 6

MAE and RMSE Results of Imputation Algorithms at Different NaN Percentages®
NaN (%) Algorithm MAE RMSE
5 Mean 10637.9365 39185.8703
5 Median 10263.4206 40102.2168
5 KNN 5452.1356 23608.7052
5 MICE 5963.5255 24455.5731
10 Mean 10446.0700 38628.4517
10 Median 10128.4719 39575.3168
10 KNN 6459.0324 26670.4592
10 MICE 6099.4758 25190.9254
20 Mean 10561.7147 39083.2854
20 Median 10299.7700 40309.8616
20 KNN 8905.1554 34301.6908
20 MICE 6545.1929 26711.7006
30 Mean 10565.6010 39012.0422
30 Median 10281.2938 40202.0045
30 KNN 10291.0296 38764.3383
30 MICE 7717.8526 31999.4132

Table 6 summarizes the MAE and RMSE results of the imputation algorithms under different NaN-
percentage conditions. The obtained results indicate that when the proportion of missing values is relatively
low, the KNN algorithm achieves the smallest error values. In particular, at the 5% NaN level, this algorithm
demonstrated significantly lower MAE and RMSE values compared to the other methods, indicating its high
recovery accuracy under limited missing-data conditions.

However, as the proportion of NaN values increased, the error indicators of the KNN algorithm also
increased considerably. This can be explained by the fact that the performance of distance-based algorithms
depends on the availability of a sufficient number of complete observations. As the number of missing values
within the dataset grows, identifying similar observations becomes more difficult, which consequently reduces
recovery accuracy.

The results also confirm that the MICE algorithm demonstrates relatively stable and reliable performance.
Under conditions where the proportion of NaN values reached 10%, 20%, and 30%, this algorithm achieved
lower error values compared to the other methods. This finding highlights the importance of considering
statistical relationships among attributes in multivariate datasets and demonstrates the effectiveness of iterative
regression-based approaches in recovering missing data.

The simple statistical approaches, namely Mean and Median imputation algorithms, produced relatively high
error values under all experimental conditions. This indicates that such methods are unable to fully reconstruct
complex data structures because they do not account for relationships among attributes. Nevertheless, these
methods remain computationally efficient and may still provide acceptable performance in datasets with limited
complexity or relatively low proportions of missing data.

Overall, the obtained results demonstrate that the selection of an appropriate missing-value recovery
algorithm depends on the characteristics of the dataset and the proportion of NaN values. While the KNN
algorithm can provide effective results when the amount of missing data is relatively small, the MICE algorithm
ensures more stable, reliable, and accurate performance as the proportion of missing values increases.

Based on the experimental results, the overall performance of the algorithms was comparatively analyzed.
After calculating the average error values, the MICE algorithm demonstrated the lowest overall error indicators.
This confirms that the algorithm is highly effective in recovering missing values within multivariate datasets by
taking relationships among attributes into account.

The results further showed that although simple statistical methods such as Mean and Median imputation
are computationally efficient, they exhibit relatively limited performance when reconstructing complex data

t.me/scupus_IST2100
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structures. The distance-based KNN algorithm produced effective results when the proportion of missing data
was small; however, its accuracy decreased as the proportion of NaN values increased.

In contrast, the MICE algorithm operates on the basis of iterative regression models, allowing it to account
for dependencies among attributes. As a result, it provides relatively stable and reliable performance even
under conditions involving a high proportion of missing data.

To provide a clearer interpretation of the experimental findings, the MAE and RMSE indicators of the
algorithms were visualized graphically. The graphical analysis demonstrated that the error values increased
for all algorithms as the proportion of NaN values grew. However, the MICE algorithm showed a slower growth
trend in error values compared to the other methods and demonstrated the most stable overall performance
throughout the experimental process (Figure 4).

MAE Results of Algorithms at Different NaN Percentages
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Figure 4. MAE Results of Imputation Algorithms at Different NaN Percentages.

Figure 4 illustrates the MAE results of the imputation algorithms under different NaN percentage conditions.
The graphical analysis shows that the error values increase for all algorithms as the proportion of NaN values
grows. However, the MICE algorithm demonstrates more stable performance compared to the other methods
(Figure 5).

RMSE Results of Algorithms at Different NaN Percentages
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Figure 5. RMSE Results of Imputation Algorithms at Different NaN Percentages.

Figure 5 presents the RMSE results of the imputation algorithms under different NaN-percentage conditions.
As illustrated in the graph, the KNN algorithm provides effective performance when the proportion of NaN
values is relatively small; however, its error indicators increase rapidly as the amount of missing data grows.
In contrast, the MICE algorithm ensures relatively stable and reliable performance across different levels of
missing data. These results once again confirm the importance of applying algorithms that take statistical
relationships among attributes into account during the process of recovering missing values.
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The results of the conducted experimental study demonstrated that the effectiveness of missing-value
recovery algorithms is significantly dependent on the proportion of NaN values within the dataset. Different
algorithms produced different outcomes under varying conditions, which can be explained by the operational
principles of the imputation methods and their level of adaptation to the structure of the data.

According to the experimental findings, when the proportion of missing values was relatively small (5%),
the KNN algorithm achieved the lowest error values. The main reason for this is that the algorithm operates
on the basis of similar observations. When the amount of missing data in the dataset is limited, the degree of
similarity among available observations remains relatively high, enabling the KNN algorithm to recover missing
values with greater accuracy. Therefore, distance-based algorithms were found to be particularly effective in
situations involving low proportions of missing data.

However, as the proportion of missing values increased, the effectiveness of the KNN algorithm gradually
decreased. This can be explained by the increasing difficulty of identifying similarities among observations
as the number of missing values grows. When the dataset does not contain a sufficient number of complete
observations, determining the nearest neighbors becomes more challenging, which ultimately reduces the
accuracy of the recovered values.

The experimental findings also revealed that when the proportion of NaN values reached 10% or higher,
the MICE algorithm demonstrated the most stable and reliable performance. This algorithm is based on the
iterative recovery of missing values through the construction of regression models for each attribute. As a result,
the MICE algorithm takes statistical relationships among attributes into account and is capable of producing
relatively accurate recovery results even under conditions involving a high proportion of missing values.

The simple statistical methods, namely Mean and Median imputation, produced relatively high error
values under all experimental conditions. These approaches replace missing values solely on the basis of the
statistical characteristics of a single attribute and do not consider relationships among variables. Consequently,
in multivariate datasets characterized by complex structures, such methods are unable to fully reconstruct the
actual structure of the data.

The experimental results further demonstrated that the error indicators increased for all algorithms as the
proportion of missing values grew. This is a natural outcome because the reduction in available information
within the dataset decreases the possibility of accurately reconstructing missing values. Nevertheless, the
MICE algorithm demonstrated considerably more stable behavior in terms of the rate of error growth compared
to the other methods.

Overall, the analysis indicates that the selection of an appropriate missing-value recovery algorithm
depends on the characteristics of the dataset and the proportion of missing values. In cases where only a
small amount of data is missing, the KNN algorithm can provide effective and accurate results. However, as the
proportion of missing values increases, the MICE algorithm, which considers statistical relationships among
attributes, provides more reliable, stable, and accurate performance.

The findings of this study are important for ensuring data quality in information systems and demonstrate
the necessity of considering dataset structure when selecting imputation algorithms for real-world data analysis.
Furthermore, the obtained results provide a valuable methodological basis for improving analytical reliability
and enhancing the effectiveness of intelligent data-processing systems.

CONCLUSIONS AND RECOMMENDATIONS

In this study, the effectiveness of algorithms for recovering missing (NaN) values in information-system
data was analyzed using an experimental approach. During the research process, a statistical housing dataset
related to the California region was utilized, and artificial missing values were generated in order to evaluate
the performance of different imputation algorithms under controlled conditions.

Throughout the experiment, missing values were generated at different levels (5%, 10%, 20%, and 30%),
and these values were restored using Mean, Median, KNN, and MICE algorithms. The recovered values were
compared with the original ground-truth values contained in the dataset, and the accuracy of the algorithms
was evaluated using the MAE and RMSE metrics.

The experimental results demonstrated that the KNN algorithm produced relatively accurate results
when the proportion of missing values was low. However, as the proportion of missing values in the dataset
increased, the effectiveness of this algorithm gradually decreased. In contrast, the MICE algorithm, which
considers statistical relationships among attributes, provided relatively stable and reliable results even under
conditions involving a high proportion of NaN values.

In addition, although the simple statistical methods, namely Mean and Median imputation, are
computationally efficient, they were unable to provide high accuracy in datasets characterized by complex
structures. Since these methods do not account for relationships among attributes, they produced relatively
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high error values during the recovery of missing data. Nevertheless, these approaches may still be useful in
cases involving limited data complexity or relatively small proportions of missing values due to their simplicity
and computational efficiency.

Based on the obtained results, it can be concluded that the selection of an appropriate algorithm for
recovering missing data in information systems should depend on the structure of the dataset and the proportion
of missing values. Distance-based algorithms may provide effective performance when the amount of missing
data is relatively small, whereas under conditions involving larger proportions of missing values, it is more
appropriate to apply the MICE algorithm, which takes relationships among attributes into account.

The findings of this study have important practical significance for improving data quality in information
systems and enhancing the process of handling missing values. Furthermore, the results demonstrate the
necessity of applying more advanced imputation algorithms and conducting broader experimental studies
using real-world datasets in future research.

Based on the experimental findings, it is recommended to apply imputation algorithms according to the
structure of the dataset and the proportion of missing values. For datasets with a relatively small amount of
missing data, the KNN algorithm can be effectively utilized due to its high recovery accuracy. However, for
datasets containing larger proportions of NaN values, the MICE algorithm is recommended because of its
stable, reliable, and accurate performance. Furthermore, future studies should focus on deep-learning-based
imputation approaches and broader experiments using real-world datasets in order to further improve data
quality, analytical reliability, and the efficiency of intelligent information systems.
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