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Abstract. This article proposes a genetic algorithm-based approach to optimize the filling of missing 

NaN values in a dataset. The focus is on selecting NaN values in the dataset directly corresponding 

to the results of the classification task. In the proposed method, each individual is represented as a 

chromosome in the form of a vector of all missing values. The search space is bounded by the given 

intervals for numerical attributes, and by the set of appropriate categories for categorical attributes. 

The accuracy indicator of the Random Forest ensemble model was used as the fitness function in the 

genetic algorithm. 
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INTRODUCTION 

Nowadays, artificial intelligence models are 

being applied to all fields. As a result, the reliability of 

the dataset is important for the results of machine 

learning models to be stable. When preparing a dataset, 

it is important to fill in missing values (NaN) that are 

considered relevant. There are classic methods for 

filling in missing values. However, the application of 

these methods depends on the characteristics of the 

data set. Classical methods can be used for data sets 

related to regression problems, but classical methods 

for discrete and categorical data sets in data sets related 

to classification problems lead to poor results for 

machine learning models. Therefore, a method for 

filling in missing NaN values in a dataset using a 

genetic algorithm was proposed for multi-class 

classification problems using genetic evolutionary 

approach algorithms. To implement this approach, the 

diabetes dataset column was used from a current topic 

in the medical field. Diabetes mellitus is one of the 

most common chronic diseases in modern medicine, 

and its early detection and identification of individuals 

at risk are important in increasing the efficiency of the 

healthcare system. Factors that influence the 

development of diabetes are multifaceted and include 

clinical and functional indicators such as high blood 

pressure, general health, frequent urination, gender, 

age, slow wound healing, sedentary lifestyle, family 

history of diabetes, excessive thirst, sweating, body 

mass index, decreased vision, and difficulty walking or 

climbing stairs. Machine learning models built on these 

features allow for early diagnosis of diabetes, 

segmentation of risk groups, and planning of individual 

preventive measures. In practical settings, missing 

NaN values are observed in data sets collected from 

physicians, laboratories, and electronic health 

information systems. Empty cells appear in the clinical 

chart as a result of certain indicators not being 

measured, filling out the wrong questionnaire, or not 

being entered into the database for technical reasons. If 

such records are completely excluded, the number of 

samples will be drastically reduced, reducing the 

training set for machine learning models and reducing 

generalization ability. Therefore, the issue of filling in 

the gaps in modern literature is considered a separate 

methodological step. Multiple imputation methods, 

such as Multiple Imputation by Chained Equations, and 

approaches based on chained regression models are 

widely used in the scientific literature as they allow for 

flexible imputation of different types of variables[1-2]. 

However, while nearest neighbor-based methods such 

as KNN-imputation have also been shown to be 

effective in clinical datasets, they often preserve local 

structure but fail to adequately represent the deeper 
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relationships that make up the global terrain of the data 

and are sensitive to the choice of the appropriate k 

parameter. Classical statistical and regression-based 

imputation schemes also run the risk of distorting the 

covariance structure, artificially reducing variance, or 

introducing bias; this can negatively impact the 

accuracy and fairness of the resulting model, 

particularly in clinical classification problems such as 

diabetes. In recent years, a number of developments 

have been proposed to fill in missing data using 

approaches based on evolutionary computing methods, 

in particular genetic algorithmsJuan Carlos and co-

authors have shown that it is effective to impute blank 

responses in a questionnaire using a genetic algorithm 

with different fitness functions[3-4]. Lobato et al. 

developed an evolutionary imputation method for 

pattern classification that is adapted to mixed-type 

numerical and categorical attributes and reported 

superior results compared to classical imputation 

methods by directly incorporating classification 

accuracy into the fitness function [5]. The main 

advantage of genetic algorithms is that they perform a 

global search in a high-dimensional and zero-gap 

solution space and reduce the risk of getting "stuck" in 

local minima. In the context of the imputation task, 

each individual can be viewed as a vector of imputed 

values for all NaN cells in the dataset; the fitness 

function is the cross-validation accuracy, macro-F1 

score, or AUC values of the diabetes classification 

model. The process of filling in missing values in the 

study is to determine the exact maximum for defining 

the diabetes classes into healthy, prediabetic, and 

diabetic, rather than a final setup - a simple statistical 

evaluation. In addition, based on a genetic algorithm, it 

is possible to preserve the data distribution by 

introducing penalty terms that control whether the 

statistical indicators such as mean, variance, and 

covariance of the imputed values are close to the initial 

data structure[6-7]. 

MAIN PART 

In this study, missing NaN values in a clinical 

dataset of diabetes diagnosis were used to improve the 

results of machine learning models under existing 

conditions. Nowadays, artificial intelligence models 

are entering all sectors, which leads to increased 

development and efficiency of employees' working 

hours. In this study, one of the current topical issues in 

the medical field is to prepare a data set for diagnosing 

diabetes. In this research, as with data in all fields, the 

medical dataset also has some missing values. This 

research paper proposes modern methods such as 

genetic algorithms, due to the fact that traditional 

methods of filling in missing values lead to errors in 

filling in nonlinear values and categorical values. The 

genetic algorithm is a powerful evolutionary model 

that encompasses the entire domain of interest [8-9]. 

For this reason, it is the most effective method for 

filling in missing values. The disadvantages of the 

mean, median, mode, KNN, and other methods over 

classical methods are that they lead to standard 

deviations when filling in discrete and categorical 

values [10-11]. As a result, the results of machine 

learning models deteriorate. The genetic algorithm 

method proposed in this study is a highly efficient 

solution because it simultaneously optimizes the results 

of artificial intelligence models by maximizing 

accuracy or F1-score or minimizing the loss function 

[12-14]. 

Table 1. Characteristics of the diabetes data set 

High_BP – High blood 

pressure (hypertension) 

Sedentary – Sedentary / low 

physical activity lifestyle 

Family_Diabetes – Family 

history of diabetes 

mellitus 

Gen_health_1_5– Self-

reported general health 

status (1 to 5 scale) 

Freq_urination – 

Frequency of urination 

(polyuria) 

Excess_thirst – Excessive 

thirst (polydipsia) 

Gender – Patient gender 

(male / female) 

Numbness – 

Numbness/tingling in hands 

and feet 

Age – Age (years) Vision_loss – Decreased 

vision / vision impairment 

Slow_healing – Slow 

healing of wounds and 

cuts 

BMI – Body Mass Index 

(kg/m²) 

Difficulty_walking_stairs – Difficulty walking or 

climbing stairs 

In Table 1 above, the output target column, 

which lists the characteristics of diabetes, is a multi-
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class classification, corresponding to the values 0: 

healthy, 1: prediabetes, and 2: diabetes. In the dataset 

used in this study, missing values are listed in Figure 1 

by column value, and there are no NaN values in the 

remaining columns. 

 
Figure 1. Missing values in the diabetes 

dataset. 

In this Figure 1, a genetic algorithm model was 

developed to eliminate NaN values in missing 

columns. In the developed model, missing values were 

eliminated by maximizing the accuracy value of the 

Random Forest ensemble model as the objective 

function, i.e., the fitness function. The data set used in 

this study consists of 12024 real-world data sets 

obtained from the Samarkand Regional Endocrinology 

Hospital. 

GENETIC ALGORITHM 

MATHEMATICAL MODEL 

The initial data set is implemented through the 

input feature matrix in the following formula (1). 

( ) ( )1, ,...m t

ij mX x R y y y=  =
  (1) 

Here m−  number of rows, t −  number of 

columns, ijx −
 diabetes feature vector and iy

 class 

result. 

Missing values in the initial data set are 

determined by (2) below. 

( )  
1, if known

0,1 ,
0, NaN

ijm t

ij ij

ij

x
U u u

x

 
=  = 

   (2) 

In this dataset, columns containing NaN values 

are extracted using the following (3).

( )  ( ) , : 1 , , : 0s

ij iji j u i j u = =  = =
 (3) 

Here  −  NaN non-existent elements and 
s −  NaN is the set of elements that exist. From here 

in the dataset 

su = 
 represents the total number of 

missing elements. 
s  is defined by (4) below, 

introducing a correspondence connecting the indices in 

the set through a single-dimensional index. 

  ( ): 1,2,3..., , ( ) ,s

k ku k i j → =
  (4) 

Missing values are initially considered as a 

vector of parameters determined by a genetic algorithm 

(4). 

( )1 2, ,..., uo o o o=
    (4) 

The general scope for filling in NaN values in 

the research dataset is defined by (5) below. 

1 2o uC T T T=   
   (5) 

Here, each ko
 in the matrix 

( )( ) ,k kk i j =
 

The value corresponding to and k ki jx
 Specifies the 

appropriate value to replace NaN for the element. The 

data matrix filled with data without NaN values is 

implemented using the following formula (6). 

( )

( )

( )

( ) ( )

, ,
( )

, ,

m t

ij

ij

ij s

k

X o x o R

x i j
x o

o i j

= 


= 

    (6) 

Here 
( )X o −

 NaN is a data matrix filled with 

no values. Each missing column in the dataset has its 

own domain, depending on the type of character that 

corresponds to the value in that column. 
( )( ) ,k i j =

 

if kj  if continuous, then 
, [ , ]

k kk k k j jo T T a b =
 is 

carried out through. In this kj
a

and kj
b

 represents the 

maximum and minimum values given in advance. If kj

if there is a category then 

 ,1 ,2 ,, , ,...,
k k k jkk k k j j j Ko T T    =

 here ,kj l
, kj  

is done through a set of categories for. To prevent the 

dataset from going over the limit when filling in NaN 
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values, each gene ko
 is stored in the following field 

(7). 

min{max{ , }, }, [ , ],

( )
argmin dis( , ), categoricalk

k

jk jk k jk jk

D
k

s T

l a b T a b

l
l s T





=


= 
  (7) 

The initial prepared population 
( )X o

 diabetes 

dataset is trained using a Random Forest model to 

provide accuracy to the fitness functionTo evaluate the 

Random Forest model and obtain the classification 

result, the fitness function of the genetic algorithm is 

calculated using formula (8). 

( )

( ) arg min ( ; ( ), )

ˆ ( ) ( ( ))

w

i w o i

w o U w X o y

y o f x o

 =



=   (8) 

Here represents the loss function. U −

determined by minimization. The model takes each 

observation vector 
( )ix o

 as input and 
ˆ ( )iy o

, i −  

returns the class prediction for the sample. The 

accuracy evaluation function of the Random Forest 

model as a fitness function when filling in the missing 

NaN values of the dataset with a genetic algorithm is 

calculated by formula (9). 

1

1
( ) ( )

K

k
k

F o Accuracy o
K =

= 
   (9) 

The population of the genetic algorithm is 

implemented by the following formula (10). 

 (1) (2) ( )( ) ( ), ( ),..., ( )N

oP d o d o d o d C= 
     (10) 

Here d −  In the iteration, the population of the 

genetic algorithm is implemented with 
( )P d

. N −  

population size, 
( ) ( ),io d

 i −  the chromosome of the 

individual (vector of values for NaN cells) and each 

( ) ( )io d
 search spacea oC

 belongs to, and for 

continuous values 
;j ja b   , for categorical columns 

 jg
 taken from the collection. 

( )P d −
 The 

population set of solutions to be evaluated in an 

iteration. The roulette method is implemented by (11) 

to determine the probability of each solution being 

selected as a father and mother, respectively, based on 

its fitness function. 

( )
( )

( )

1

( ( ))
( ( ))

( ( ))

i
i

M j

j

F o d
p o d

F o d
=

=


  (11) 

Here
( )( ( )),iF o d

 i −  the accuracy of the 

individual and 
( )( ( )) (0;1)ip o d 

. 

In the next step, a two-point crossover operator 

was used to maintain genetic diversity. Pair for 

combination purposes 1 2( ; )p p
 probably from sp

 

Crossing is performed with. Crossing is performed in 

the sequence of execution by the following formula 

(12).  

1 2 1 2

1 1 1 2 1 2 1 2

2 2 1 1 1 2 2 2

( , ) ( , ),

( [1: ]; [ 1, ], [ 1; ]),

( [1: ], [ 1: ], [ 1: ])

S S crossover p p

S p k p k k p k u

S p k p k k p k u

=


= + +
 = + +    (12) 

Here 1k
 and 2k

 intersection points, 1S
 and 2S

 

chromosomes of each resulting generation. A set of 

children resulting from crossing and mutation 
( )S d

 

combined with populations, 
( ) ( ) ( )R d P d S d= 

 

an expanded set of candidate solutions is generated. 

After that, the best according to the principle of elitism 

E  individuals are kept unchanged. As a result M E−  

The positions will be filled based on the ranking. This 

strategy prevents the disappearance of the best 

solutions in one direction[15-16]. The remaining 

spaces on the second side allow you to try new 

combinations.  This yield is determined by the 

following formula (13) for populations. 

 

elitlar qolganlar

( 1) ( ( ), ; ) ( ( ) \ , ; )P d TopE R d E F Top R d Elite M E F+ =  −

 (13) 

Here 

➢ d M , genetic algorithm iteration index; 

➢ 
1 2( ) { ( ), ( ),... ( )}MP d o d o d o d=

, current 

population size M , each 
( )io d −

 chromosome; 
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➢ 
( )S d −

 a newly formed set of children: 

Solutions resulting from selection, crossing over, 

and mutation; 

➢ 
( )R d −

 expanded candidate pool; 

➢ F −  The fitness function measures how good a 

solution is; 

➢ E −  number of elites (whole number: 

1 E M  ) an indicator of how many of the 

best individuals are preserved without 

modification; 

➢ 
( , ; )TopE A E F −

 set A  highest in fitness out 

of E  operator that takes elements; 

➢ 
( ( ), ; ),Elite TopE R d E F=

 elite group; 

In this study, the best candidate solutions were 

extracted by using the elitism operator. In the operator 

of elitism E  The individual is kept unchanged and 

automatically transferred to the next population. If 

there is monotonicity in elitism, the following fitness 

function (14) does not deteriorate[17-18]. 

( 1) ( )

max ( ) max ( )
o P d o P d

F o F o
 + 


   (14) 

All the rest M E−  places 
( ) \ EliteR d

 fills 

in the fitness rating from the set. Stopping condition 

criterion. To control convergence in a genetic 

algorithm, the algorithm stops when the condition in 

formula (15) below is met. 

max
( )

( ) max ( )
o P d

F d F o


=
   (15)  

 Here D −  upper limit on the number of 

iterations. 

 Final solution. After the genetic algorithm 

stops, the solution population with the highest fitness 

is selected as the solution (16) [19-20]. 

*

* *

( )
arg max ( ), ( )fin

o P d
o F o X X o


= =

  (16) 

Here finX −
 The final result is a dataset filled 

with no NaN values. 

EXPERIMENTAL RESULTS 

The results obtained from the Random Forest 

model on the experimental results on the diabetes 

dataset conducted in this study are presented in Table 

1 below. 

 

TABLE 1. ACCURACY, PRECISION, 

RECALL, AND F1-SCORE RESULTS FOR 

ENSEMBLE METHOD 

Model Accuracy Precisio

n 

Recall F1-Score 

Random 

Forest 

0.9034 0.9042 0.9038 0.9040 

Figure 1 shows the multi-class ROC curves for 

the Random Forest model after imputation with a 

genetic algorithm for filling in missing NaN values in 

the diabetes dataset. The AUC values for the healthy, 

prediabetic, and diabetic classes indicate the high 

discrimination of the model. 

 
Figure 1 Multi-class ROC curves in the 

Random Forest model. 

 

Conclusion 

In this study, a new approach based on genetic 

algorithms was proposed to fill in missing NaN values 

in a dataset for multi-class classification of diabetes 

diagnosis. 0 – healthy, 1 – prediabetes, 2 – was applied 

to a real clinical dataset consisting of diabetes classes. 

This dataset contains 12024 records, Samarkand 

Regional Endocrinology Hospital, and features such as 

high blood pressure, frequent urination, thirst, general 

health, decreased vision, and difficulty walking, 

preventing NaN values from significantly degrading 

machine learning results[21-22]. The analysis of the 

distortion of the covariance structure and the 
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introduction of bias into the final model in the 

conditions of mixed-type attributes and nonlinear 

dependencies of the classical methods based on mean, 

mode, median, and regression was carried out. In the 

proposed genetic algorithm, the vector of imputed 

values for NaN columns and rows was taken as a 

chromosome and used as the accuracy fitness function 

of the Random Forest ensemble model. The results 

showed that the Random Forest model trained with 

GA-imputation showed higher accuracy and F1-score 

compared to classical methods, especially improved 

the correct identification of prediabetes and diabetes 

classes, justifying its use for risk group segmentation 

and optimization of early diagnosis. 
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