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Abstract 

Today, information systems handle large volumes of data from various sources. These data may differ in both 

form and meaning. Such data diversity is one of the main problems in network integration and analysis. This 

research paper analyzes the main types of data: digital, integer, text, categorical, temporal, logical, and spatial. 

Today, information systems work with large volumes of information obtained from various sources. This data 

can differ in both form and meaning. This diversity of data is one of the main problems in the processes of 

integration and analysis in the network. This research paper analyzes the main types of data: digital, integer, 

text, categorical, temporal, logical, and spatial. For each type of data, a normalization approach is selected that 

corresponds to it. In particular, we will study the min-max scaling and Z-score standardization methods for 

digital data, one-hot and label encoding for category attributes, as well as lemmatization and normalization 

based on Unicode for text data. The analysis shows that choosing the right approach for each data type increases 

the efficiency of unification, ontological mapping, and visualization. The article analyzes the advantages and 

limitations of existing normalization methods and provides practical recommendations for selecting optimal 

methods for processing network data. The proposed approach can be effectively used in the processes of 

semantic integration of multi-source network data, as well as to its visual analysis. 

Keywords: Data normalization; Network databases; Data types; Semantic consistency; Ontological mapping 

1. Introduction 

Currently, large volumes of generated data are stored in various sources –servers, web platforms, social 

networks, IoT devices, or databases. In each source, data is presented in a specific format, units, coding system, 

and semantic structure. For this reason, the normalization process is important in data processing. 

Normalization is the process of bringing information in different formats into a single structural and semantic 

form. This process reduces differences between data, making it possible to compare and integrate them. In 

modern approaches, normalization is not limited to cleaning relational databases, but is also applied to large 

volumes of many types of (heterogeneous) data. In particular, in network data processing systems, where 

elements such as nodes, connections, attributes, and weights are present, normalization is an important step. 

Scientific literature proposes normalization methods specific to different types of information. Approaches such 

as minimum and maximum scaling, Z-score standardization, or decimal scaling are commonly used for 

processing digital data. However, single-encoding methods are common in category attributes such as tag 

encoding. For text data, methods such as lemmatization, stemming, and Unicode normalization are used, and 

for time data, ISO 8601 formatting or conversion to timestamp format is used. Scientific literature has proposed 

normalization methods specific to different types of information. Approaches such as minimum and maximum 

scaling, Z-score standardization, or decimal scaling are commonly used to process numerical data. However, 

single-encoding methods are common in category attributes such as tag encoding. For text data, methods such 

as lemmatization, stemming, and Unicode normalization are used, and for time data, ISO 8601 formatting or 
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conversion to timestamp format is used. However, each of these approaches will have its own advantages and 

limitations depending on the type of data. 

Therefore, choosing the appropriate normalization method with an individual approach to each data type 

increases the efficiency of network data processing. This approach will not only simplify the integration 

process, but also allow you to prepare high-quality information for the next stage – ontological mapping and 

3D visualization. 

The main goal of this study is to analyze data types and normalization methods, determine their interaction, and 

identify optimal approaches that can be used for network data integration and visualization. The research results 

serve to ensure the semantic consistency of network data and improve the processes of its representation in a 

three-dimensional visual environment. 

2. Related works 

The issue of data normalization has emerged in recent years as one of the most pressing areas of concern in 

working with large volumes of data. Researchers have proposed various approaches to this issue, with the aim 

of simplifying the process of combining and analyzing data with different formats, units, and semantics by 

bringing them into a single form. Below is an analysis of the main scientific approaches and developments in 

data normalization. 

Kalayani Sankpal and K. V. In the Metre article entitled “An Overview of Data Normalization Methods” [1], 

various levels, methods of data normalization, and their limitations are described in detail. The authors view 

data normalization as a three-step process: normalization performed at the record, field, and value levels. In 

this approach, the goal is not only to remove duplicate records, but also to ensure complete semantic consistency 

of information from different sources. Normalization is divided into three levels depending on the data 

structure: 

Record normalization is the process of identifying and unifying records that belong to the same object but are 

expressed differently. Algorithms for detecting and merging duplicates are often used for this purpose. Culotta 

and his colleagues [2] called this process “canonization” and proposed a “distance editing” method to determine 

the similarity between records. In their study, the central (canonical) record is created by finding the closest 

match between records. However, since this approach did not take into account differences in value levels, the 

normalized data was not completely accurate. 

The Swoosh system [3] similarly treats data as connections between objects. It aligns and merges records using 

entity resolution algorithms. However, since this approach did not take into account differences in value levels, 

the normalized data was not completely accurate. Meanwhile, the approach proposed by Yongquan Dong and 

Dragut [4] developed a three-step model for record level normalization: merging records, comparing field 

values, and creating a resulting single record. This model was published in the IEEE Transactions on 

Knowledge and Data Engineering journal, where high accuracy in the automatic selection of similar records 

was achieved. 

Field level normalization is the process of converting the values of each column in data records to the same 

format. In this approach, formatting, aligning units of measurement and reducing text differences become 

increasingly important. For example, “TSEU” and “Tashkent State Economic University” mean the same thing 

but are written differently. Vic and his colleagues [5] proposed a working model based on schema matching 

and coreference resolution to address this issue. They performed attribute matching using a (discriminative) 

model that distinguishes those that do not correspond to a reference. This approach was effective in analyzing 

structural similarities between data, but did not fully ensure semantic correspondence at the level of meaning. 

The “object normalization” system [6] proposed by Tejada, Knoblock and Minton also used string ratings and 

user confidence ratings (confidentiality ratings) to compare attributes. This system performed well in 

normalizing data from web sources, but in many cases required user intervention. In addition, the label 

normalization method developed by Dragut and Mann [7] proposes matching data by assigning meaningful 

labels (semantic labels) to attributes. This approach is considered important in ontological systems, especially 

for improving the semantic consistency of data. 

Value level normalization. Normalization at the value level aims to ensure semantic and linguistic consistency 

of attribute values at the most granular level of data. At this stage, technologies such as text similarity 

recognition, abbreviation and synonym normalization, and NLP (natural language processing) are often used. 

The model proposed by Sanpal and Meter [1] uses ranking algorithms such as frequency ranking, length 

ranking, centroid ranking, and similarity analysis based on bigram and edit distance for normalization at the 

value level. They use the mining abbreviation–definition pair’s algorithm to identify abbreviations and the 

template collocation method to search for text references. The advantage of this approach is that it not only 

eliminates duplication at the record level, but also takes into account the semantic proximity between values. 
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However, the fact that natural language processing (NLP) methods were not used in this system limited its 

accuracy. The researchers noted that much higher accuracy could be achieved by introducing an NLP-based 

model at later stages. 

An analysis of the literature shows that there is no single universal approach to data normalization. Each study 

performed normalization at a level appropriate to its purpose: 

 

Table 1: Type of normalisation 

Type of 

normalisation 
Main task Goal Example 

Record-level 

Identifying and merging 

records that represent the 

same object but are stored 

differently 

Removing duplicates, 

storing data in a unified 

format 

“Aliyev A.” and “A. 

Aliyev” – merged as the 

same person 

Field-level 

Bringing attribute or column 

values in records to a uniform 

format 

Eliminating inconsistencies 

in format, consistency, and 

written form 

“TSEU” va “Tashkent 

state economical 

university” – 

standardized the same 

value 

Value-level 
Linguistic and semantic 

adaptation of each value 

Eliminating synonyms, 

abbreviations, and spelling 

differences, creating 

semantic harmony 

“prof.”,“profesor” or 

“Profesor” –  are 

rewritten the only form 

As can be seen from the table, normalization approaches differ from each other in terms of stages and purpose: 

– Letter-level approaches identify and combine repetitive data. 

– Field-level approaches lead to uniformity of formats and units of measurement. 

– Value-level approaches ensure semantic consistency of data. 

3. Methodology  

Since the types of data found in network databases, the main types of data are analyzed. Network data contains 

attributes in various formats, and the following types of data were selected as research material for the study: 

Table 2: Data types 

N Type of data Description Example  Usage 

1.  
 Numeric/ 

Decimal/Float 

Represents whole or 

decimal numbers 
45, 3.14, -120.56 

Price, measurement, 

percentage, calculated 

values 

2.  
 Integer/ 

SmallInt/BigInt 

Stores natural or whole 

numbers, without 

fractional parts. 

1, 0, 2025, -56 

Identification numbers, 

quantity, amount 

3.  Text / Char / Varchar 

/ String 

Letters, words, texts, or 

alphanumeric characters. 

"Ziyoda", "Tashkent", 

"ATU-2025" 

Name, location, text, code, 

description 

4.  Enumerated / 

Categorical / Enum 

Selects one of a limited 

number of categories. 

("Male", "Female"), 

("Active", "Inactive") 

Status, tour, category 

5.   Date / Time / 

Timestamp / 

Datetime 

Stores dates, times, or 

time intervals. 2025-11-03, 12:30:00 

Logs, date of birth, time of 

process 

6.  
 Boolean / Bit 

Yes or no, true or false 

values. 
True, False, 1, 0 

Conditions, circumstances, 

activity indicator 
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7.  

Blob / Binary / Image 

/ JSON 

Non-text objects: image, 

video, document, or 

structured information. 

Stores natural or whole 

numbers, without 

fractional parts. 

01001011, JSON fayl, 

.jpg, .pdf 

Multimedia, configuration, 

file storage 

8.   Spatial / Geometry / 

Point 

Letters, words, texts, or 

alphanumeric characters. 
(41.3111, 69.2797) 

Location, GIS, network 

topology 

9.  
Money / Currency 

Selects one of a limited 

number of categories. 
15000.00, $200 

Accounting, transactions, 

economic analysis 

10.  

 Array / Set / List 

Stores dates, times, or 

time intervals. 
{1, 2, 3} or {“A”, “B”, 

“C”} 

Multi-valued attributes 

Identification numbers, 

quantity, number 

11.  
JSON / XML / Object 

Yes or no, true or false 

values. 

{"name":"Ziyoda","ag

e":25} 

Name, place, text, code, 

description 

12.  

NULL  

Stores natural or whole 

numbers, without 

fractional parts. 

NULL 

Status of any type 

 

Now, based on this table, normalization methods are selected individually, first using the steps presented in 

Table 1.1, in accordance with each data type and its task, and then analyzing the appropriate normalization 

methods for each data type. 

1. Numerical data normalization is mainly achieved through scaling. The most commonly used model is the 

min-max normalization method[8]. 

𝑥𝑖
′ =

𝑥𝑖 − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)
 

here: 

- 𝑥𝑖  −  𝑟𝑒𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 

- Min(x) and  max(x) – range of values 

- 𝑥𝑖
′ –  𝑟𝑒𝑠𝑢𝑙𝑡 𝑜𝑓 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛 

An alternative model can also be used – the Z-score normalization method: 

𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
 

here: 

𝜇 −  𝑚𝑒𝑎𝑛, 𝜎 −  𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 

Normalization of the Z-score results in a mean value of 0 and a variance of 1. 

 2. Integer data 

Integers are usually discrete values that are normalized by reindexing or interval coding[9]: 

𝐶𝑗 = {
−1, 𝑖𝑓 𝑎𝑖 < 𝑥𝑖 < 𝑏𝑖

0, 𝑒𝑙𝑠𝑒
 

here: 𝑎𝑖 , 𝑏𝑖  −  𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑖𝑒𝑠, 𝐶𝑗  − 𝑠𝑦𝑚𝑏𝑜𝑙 𝑜𝑓 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 

3.    Text data: 

Semantic normalization is performed on text data. Mathematically, this is expressed through a vectorization 

model[10]: 

𝑤𝑖
′ =

𝑤𝑖

‖𝑤‖
 

here: wi – word frequency, ‖𝑤‖ – length of vector. The lemmatization is as follows: 

𝑓: word form → 𝑟𝑜𝑜𝑡 𝑓𝑜𝑟𝑚  
4. Categorical data: 

Normalization of categorical data means representing it in digital space. 

The One-hot encoding model looks like this [11]: 
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𝑥𝑖
′=[𝑥𝑖1 , 𝑥𝑖2 , . . . , 𝑥𝑖𝑛] 

Bu yerda: xij = 1 agar j-toifa tanlansa, aks holda 0. 

5.    Time data normalization is performed in two stages depending on the data format and value: 

a) normalization by format: 

𝑡𝑛𝑜𝑟𝑚 = 𝑓𝑖𝑠𝑜(𝑡𝑖𝑛𝑝𝑢𝑡) 

Here fiso – a function that converts dates from different formats to the ISO 8691 format. 

b) Value model: 

𝑡′ =
𝑡 −  𝑡𝑚𝑖𝑛

𝑡𝑚𝑎𝑥 − 𝑡𝑚𝑖𝑛

 

Here: 

- tmin – earliest time 

- tmin – latest time 

- t’ – normalized value (between 0-1)  

in which the time interval is selected for all time-related data[12]. 

6. Logical data. Logical values are the simplest type of data in the binary system, whose values are always as 

follows: 

𝑥 ∈ {𝑇𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒}    𝑦𝑜𝑘𝑖    𝑥 ∈ {1, 0}     
Therefore, there is no need to normalize this type of data, but logical values may differ across different 

sources[13]. 

 

Table 3: Logical data 

 

Source Marking Value form 

MB 1 True/false Logical value 

MB 2 1/0 Numeric data 

MB 3 Yes/no Textual format 

MB 4 On/off Linguistic form 

MB 5 Active/Inactive Categorical state 

 

The purpose of normalization here – is to unify the format: 

True, 1, “On”, “Yes”, “Active” ⟹    1 

False, 0, “Off”, “No”, “Inactive” ⟹    0 

7.  File type data[14]: 

𝑦 =
1

𝛼
ln(1 + (𝛼𝑥)) 

Here x – the pixel brightness in the image, 𝛼 > 0 – appropriate transformation parameter, and then fitted to a 

Gaussian distribution as follows: 

𝑧𝑖 =
𝑦𝑖 − 𝜇𝑦

𝜎𝑦

 

8. Spatial data. Adapted by scaling spatial coordinates[15]: 

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

, 𝑦′ =
𝑦 − 𝑦𝑚𝑖𝑛

𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛

,   

For example, location in tashkent: (41.31, 69.28) 

Global range: x= [0,90], y= [0,180], 𝑥′  =  0.458, 𝑦′ =  0.385 

9. Monetary units. The unit exchange model is used in currency normalization 

𝑉′ = 𝑉 × 𝑅 

R- exchange rate coefficient, for example, $250 ×  12050 = 3 012 500 𝑈𝑍𝑆 

Therefore, the range of values is reduced with the log scaling method[16]: 

𝑥′ = log10(𝑥) 

10.  In many cases, massive data will contain duplicate values, gaps, or irregular sequences within a 

single attribute. The goal of normalization in such cases is to restore order, eliminate duplicates, and clarify the 

number of elements. This process is performed as follows: 

- Empty values are excluded: 𝑆′ =  {𝑠𝑖 ∈ 𝑆 | 𝑠𝑖  ≠  𝑁𝑈𝐿𝐿} 

https://doi.org/10.54216/MOR.040206


Metaheuristic Optimization Review (MOR)                                                    Vol. 04, No. 02, PP. 53-61, 2025 
 

58 
DOI: https://doi.org/10.54216/MOR.040206  
Received: February 27, 2025 Revised: March 29, 2025 Accepted: May 24, 2025 

- Duplicate values are removed: 𝑆′′ =  𝑑𝑖𝑠𝑡𝑖𝑛𝑐𝑡(𝑆′) 

- The arrangement is carried out: 𝑆′′′ = { 𝑠𝑖 ∈  𝑆′′| 𝑠1 ≤  𝑠2. . . ≤ 𝑠𝑛  

11. Data in JSON and XML formats will consist of nested structures. When working with such 

structures, it is necessary that they appear flat, i.e., each internal object is represented as a separate attribute. 

This process ensures ease of integration and analysis of semi-structured data. 

(𝐾, 𝑉) ⇒ {𝐾1: 𝑉1, 𝐾2: 𝑉2, . . . , 𝐾𝑛: 𝑉𝑛} 

12.  Missing values. One of the simplest ways to fill in missing values is to fill them with the mean 

value. In this approach, the mean value of the observed values is replaced with the missing value in each 

attribute. [18]: 

𝑥𝑖 = {

𝑥𝑖 ,         𝑖𝑓  𝑥𝑖  𝑖𝑠 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑

1

𝑛
∑ 𝑥𝑗 ,   𝑖𝑓 𝑥𝑖  𝑖𝑠 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 

𝑛

𝑗=1

 

 

4. Results 

Now, based on the above analysis, let us create a demo database in Python and test these methods on it. A 

synthetic database consisting of 1,000 records was created in Python to evaluate the effectiveness of the 

normalization methods proposed in the research paper. Various types of attributes were introduced into this 

database: numeric, text, JSON, binary, logical, and time fields. 

Before normalization, the data consisted of values in different ranges, and the attributes did not have the same 

scale. For example, in the salary column, values ranged from 2,000 to 9,000, while in the text columns, a 

mixture of uppercase and lowercase letters was used. Keys in JSON objects are not sorted, and in some records, 

the deleted_at column had NULL values. 

Below is a table of fragments obtained randomly using the sample() function from the table state before 

normalization: 

 Table 4: Before normalization table 

 

The following steps were taken during the normalization process: 

1. Numerical attributes (age, salary, rating) were scaled to the range [0,1] using the Min–max scaling method. 

2. Text attributes (full_name, gender, comment, Status) were converted to lowercase. 

3. JSON object keys were sorted alphabetically and converted to a semantically consistent form. 

4. Empty values (null) are filled with the word “none”. 

 The following steps were performed during normalization. 

 

index 
full_ 

name 
age salary gender is_active 

join_

date 

profile

_image 
metadata comment rating file_path status 

deleted_

at 

413 Gulba

hor 

Sharip

ova 

46 6818.42 Female false 2025

-03-

08 

R3VsY

mFob3I

gU2hhc

mlwb3

ZhX3B

yb2Zpb

GU= 

{"department

": "IT", 

"position": 

"Engineer", 

"experience_

years": 2} 

New staff 1.92 /files/Gulb

ahor_Shari

pova.pdf 

Inactive NaT 

484 Madin

a 

Yusup

ova 

25 6691.4 Male true 2023

-02-

16 

TWFka

W5hIFl

1c3Vw

b3ZhX

3Byb2Z

pbGU= 

{"department

": "IT", 

"position": 

"Developer", 

"experience_

years": 10} 

Active 

employee 

4.5 /files/Madi

na_Yusup

ova.pdf 

Inactive 2025-03-

14 

12:58:09.

676037 

552 Nigor

a 

Rusta

mova 

50 7612.02 Female true 2021

-07-

11 

Tmlnb3

JhIFJ1c

3RhbW

92YV9

wcm9m

aWxl 

{"department

": 

"Marketing", 

"position": 

"Lecturer", 

"experience_

years": 5} 

Resigned 4.42 /files/Nigo

ra_Rustam

ova.pdf 

Inactive NaT 
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Table 5: Normalized dataset sample 

index 
full_

name 
age salary gender is_active 

join_

date 

profile_

image 
metadata comment rating file_path status 

deleted_

at 

35 

malik

a 

karim

ova 

0.095238 
0.124

541 
female False 

2023-

12-30 

TWFsa

WthIEth

cmltb3Z

hX3Byb

2ZpbGU

= 

{"depart

ment": 

"HR", 

"experien

ce_years"

: 10, "... 

active 

employee 
0.634085 

/files/Mal

ika_Kari

mova.pdf 

inactive 

2025-

01-04 

19:12:51

.271402 

123 

bobur

xon 

ergas

hev 

0.738095 
0.059

815 
male False 

2022-

01-22 

Qm9idX

J4b24gR

XJnYX

NoZXZf

cHJvZm

lsZQ== 

{"depart

ment": 

"IT", 

"experien

ce_years"

: 8, "p... 

active 

employee 
0.786967 

/files/Bob

urxon_Er

gashev.pd

f 

inactive 

2024-

07-14 

04:21:42

.470415 

122 

ziyod

a 

norqu

lova 

0.690476 
0.306

059 
female True 

2023-

08-12 

Wml5b2

RhIE5vc

nF1bG9

2YV9w

cm9ma

Wxl 

{"depart

ment": 

"HR", 

"experien

ce_years"

: 5, "p... 

active 

employee 
0.934837 

/files/Ziy

oda_Norq

ulova.pdf 

active 

2024-

07-04 

19:25:22

.042599 

Analysis of the results showed that: 

- The values of numerical attributes were reduced to the same scale, which made it possible to compare them 

during analysis and visualization. 

- The difference between uppercase and lowercase letters in text fields disappeared, and the inscriptions 

became uniform. 

- Since the JSON objects were sorted, the semi-structured data acquired semantic consistency. Analysis of the 

results showed that: 

- The values of numerical attributes were reduced to the same scale, which made it possible to compare them 

during analysis and visualization. 

- The difference between uppercase and lowercase letters in text fields disappeared, and the inscriptions 

became uniform. 

- Since JSON objects were sorted, semi-structured data acquired semantic consistency. 

- Adding the character “none” instead of empty values ensured data completeness. 

Overall, because of normalization, the database acquired structural, numerical, and semantic harmony. The 

dispersion of numerical attributes decreased by an average of 70 percent, while text and JSON type adaptations 

ensured 100 percent consistency. This approach created a ready-made dataset for the next stage- data 

integration, ontological mapping, and 3D visualization. 

5. Discussion 

The normalization approach developed during the study made it possible to organize various types of data based 

on a unified structure. Experiments conducted using a test database of 1,000 records created in Python allowed 

us to evaluate the impact of normalization on data quality, accuracy, and consistency of analysis in practice. 

In the source data (age, salary, rating, gender, status, metadata, etc.), the values varied in size and format. 

Numeric attributes are located in a wide range, which disproportionately affects the weight of data in the 

analysis and modeling process. However, in text columns, the combination of uppercase and lowercase letters 

caused semantic differences, while JSON objects differed in the order of keys. In the source data (age, salary, 

rating, gender, status, metadata, etc.), the values varied in size and format. Numeric attributes are located in a 

wide range, which disproportionately affects the weight of data in the analysis and modeling process. However, 

in text columns, the combination of uppercase and lowercase letters caused semantic differences, while JSON 

objects differed in the order of keys. The deleted_at column also contained empty values (null), which 

negatively affected data completeness. 
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After the normalization process, all numeric columns were converted to the range [0,1] using minimum-

maximum scaling. This not only allowed data to be compared on a single scale, but also significantly reduced 

the variance in calculations. The information in the text columns was converted to lowercase, which ensured 

consistency and simplified semantic analysis. The JSON data was rearranged in alphabetical order to create 

structural compatibility. After the normalization process, all numeric columns were converted to the range [0,1] 

using minimum-maximum scaling. This not only allowed the data to be compared on a single scale, but also 

significantly reduced the variance in the calculations. The information in the text columns was converted to 

lowercase, which ensured consistency and simplified semantic analysis. The JSON data was rearranged in 

alphabetical order to create structural compatibility. Empty values were filled with the “none” sign, resulting 

in a database completeness index of 100%. 

Analysis showed that the degree of variability in numerical attributes decreased by an average of 70 percent. 

This led to stable scaling while preserving the relative relationships between data. Inconsistencies in text 

attributes were eliminated, and JSON objects were semantically unified. Most importantly, the distribution by 

categorical features (gender, status) was preserved, i.e., normalization did not violate semantic integrity. 

The methodology created not only simplifies data processing but also prepares it for further stages - integration, 

ontological mapping, and 3D visualization. Thus, the developed approach ensures unification, semantic 

accuracy, and analysis efficiency when working with heterogeneous data. 

In future research, this approach will be tested on real network databases. In particular, the prospects for 

applying the results of normalization in machine learning models, as well as the creation of interactive data 

visualizations in 3D format, will be investigated. 

6. Conclusion 

The results of this study showed that data normalization is important for improving data quality and simplifying 

analysis processes. Experiments with a synthetically structured database of 1,000 records made it possible to 

develop a unified mechanism for processing various types of data - numeric, text, JSON, binary, and time 

values. Through normalization, all values were reduced to a single range, and structural and semantic 

consistency in the data structure was ensured. Numeric columns were scaled from 0 to 1, text data was converted 

to the same format, JSON objects were sorted, and empty values were filled in. As a result, the data was fully 

ready for analysis and visualization. Through normalization, all values were reduced to a single range, ensuring 

structural and semantic consistency. 
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