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ABSTRACT

Amid the digital transformation of the global economy, Big Data analytics and advanced analytics
technologies are becoming key tools for enhancing business efficiency and sustainability.
Their application is particularly relevant in the capital-intensive and high-risk oil and gas industry, where
data-driven decision-making offers significant competitive advantages.

This study examines the opportunities and benefits of implementing Big Data and analytical solutions
across various stages of the oil and gas production cycle — from geological exploration and drilling
to processing and transportation. The study presents the main data sources and types characteristic
of the industry, as well as modern analytical methods, including descriptive, predictive, prescriptive,
and real-time analytics. Special attention is given to machine learning and artificial intelligence
algorithms used for predicting equipment failures, optimizing drilling parameters, and modeling reservoir
behavior.

Based on the analysis of case studies from leading international companies such as BP, Equinor,
Gazprom Neft, and others, it is shown how digital tools can improve decision-making accuracy, reduce
operational costs, and minimize technological risks. The study also examines the key challenges
hindering the widespread adoption of Big Data in the sector, including a shortage of qualified personnel,
integration difficulties between legacy and modern systems, cybersecurity concerns, and the high cost
of digital transformation.

The analysis leads to the conclusion that data and analytics constitute strategic assets for the future
development of the oil and gas industry. Digital technologies open up new horizons in forecasting,
management, and sustainable production, paving the way for next-generation intelligent oil and gas
enterprises.
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Hayu4HbIn 0630p

Ucnonb3oBaHue Big Data n aHanuTuku gna nporHo3MpoBaHus
M NOBbILWEHUSA NPOU3BOAUTENBLHOCTU B HepTerasoBou oTpacnm

A.B. CentumbeTtoBa, A.C. LLlynbruHa-Tapauuyk, A.C. CmaunoBa
KapacaHOuHckuli yHusepcumem um. akademuka E.A. Bykemosa, 2. KapazaHOa, KazaxcmaH

AHHOTALUUA

B ycnosusix umMgpoBon TpaHchopmMaLmMm MUPOBOK 9KOHOMUKM TEXHONOrMK aHanvaa 6onblumnx gaHHbIX
(Big Data) 1 nHtennektyanbHOM aHanMTUKN CTAHOBSTCA KMOYEBLIMW UHCTPYMEHTaMMU A5si MOBbILLEHUS
achbdekTBHOCTM U ycTOMuMBOCTM Oum3Heca. OCOBEHHO akTyamnbHbIM WX NPUMEHeHue SBNSeTcs
B KanuTarnoE&MKOWN 1 BbICOKOPMCKOBOM HedTEra3oBoW OTpacnu, rae peLleHnsl, OCHOBaHHbIE Ha OaHHbIX,
CNocobHbl 06ecneyYnTb 3HAUNTENbHbIE KOHKYPEHTHbIE MpenMyLLecTBa.

HacToswasa ctatba nocesiLeHa UCCreaoBaHnio BO3MOXHOCTEN U npeuMyLlecTB BHeapeHus Big Data
N aHanUTUYECKUX pEeLUeHWIA Ha pasfu4HbIX 3Tanax HedTerasoBOro MNPOM3BOACTBEHHOMO UMKNa —
OT reonoropa3segkn u OypeHus 0o nepepaboTknm M TpaHcnopTupoBkw. [peactaBneHbl OCHOBHbIE
VCTOYHUKM U TUMbl JaHHbIX, XapakTepHble AMs OTpaciu, a TakkKe COBPEMEHHbIE METOAbl aHaNUTUKK:
onucaTenbHbIiA, NPOrHOCTUYECKWIA, NPeanuCbIBaoLLMiA U onepaTuBHbIA. OTAeNbHOE BHUMaHWE yaerneHo
anroputTMamMm MalUUHHOTO OOYYEHUsI U UCKYCCTBEHHOTO MHTEMNMEKTa, NPYMEHsieMbIM A8 NpeackasaHus
0TKa30B 060pyA0OBaHUS, ONTUMM3ALIMN NapaMeTPoB BypeHUst 1 MOAENMPOBaHUS NOBEAEHUS 3anexen.
Ha ocHoBe aHanusa kencoB BeadyLUMX MeXAyHapoOHbIX KOMMaHwh, Takux kak BP, Equinor, Masnpom
HedTb W Ap., NOKasaHo, Kak LMAPOBble WHCTPYMEHTbI MO3BOMSAKT MOBLICUTb TOYHOCTb MPUHATUSA
PELUEHUI, COKPaTUTb W3OEPXKKA M MUHUMU3NPOBATb TEXHOrEHHbIE PUCKU. TakKe paccMaTpuBaloTCs
KIntoyeBble BbI3OBbI, CAepXuBawlwme MacwTabHoe BHegpeHve Big Data B oTpacnu: Hexeatka
KBanMMUUNPOBAHHbLIX KadpoB, CIIOXHOCTM MHTErpauuMm CcTapblX W HOBbIX CUCTEM, BOMPOCHI
Knb6epbe3onacHOCTM 1 BbiCOKasi CTOMMOCTb LiMdpoBm3aLmm.

B pesynbrate aHanu3a copmupyeTcs BblBO4 O CTpaTErnyecko 3HAYMMOCTM AaHHbIX U aHANUTUKK
Kak 006 OCHOBHOM pecypce Oyayliero pa3BuTus HedTerasoBov NPOMbILLNEHHOCTU. Lindposblie
TEXHOMOMMN OTKPbLIBAOT HOBbLIE FOPU3OHTbLI B 0BnacTy NPOrHo3MpoBaHUS, yrnpaBfeHnst U YCTOMYMBOIO
NPOU3BOACTBA, POPMUPYSA MHTENNEKTYarbHble HedTerazoBble NPeanpUsTUSE HOBOTO NOKOSNEHUS.
Knroueewle cnoea: Big Data, aHanumuka, Heghmeza3oeasi MpoMbIWIEHHOCMb, MPO2HO3UposaHue,
npou3eodumeribHoCMb, Yughposu3dayusi.

Kak umtupoBaTb:
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Fbinbimu wony

MyHan-ra3 canacbliHAafbl OHIMAINIKTI 6orkay XaHe XakcapTy
ywiH Big Data neH aHanuTukaHbl nanganaHy

A.B. Centim6eToBa, A.C. LUynbruHa-Tapauwyk, A.C. CManbinoBa
Akademuk E.A. Bekemoe ambiHOarbl KaparaHOb! yHusepcumemi, KaparaHOb! Kanacekl, Kasakcmat

AHOATOA

OneMaik 9KOHOMMKaHbIH UMdpnblK TpaHchOpMaUMAChl KaFdarbiHOA YIKEH OepekTepdi Tanpay
(Big Data) »xeHe MHTennekTyanabl aHanmMTuka TexHonorusanapbl GU3HeCTiH TUiIMAINIri MeH TypakTbINbIFbIH
apTThIpyAblH HEri3ri KypanaapblHa anHanyaa. byn acipece kanutanapbl ken KaxeT eTeTiH aHe Tayekeni
XKOFapbl MyHan-ra3 canacbiHOa ©3€eKTi, ®NTKEHI AepeKTepre HerisgenreH LwWewiMaep antapnbikram
OacekenecTik apTbIKWbINbIKTapabl KaMTaMachI3 eTe anagpl.

Byn makana reonorusanblk G6apnay MeH OypfbinaygaH 6actan eHgey MeH TacbiMangayfFa OewiHri
MyHan — ra3 eHZipicTik UMKMiHIH apTypni ke3eHaepiHae Big Data xsHe aHanutukanblK wwellimaepai
eHri3yaiH MyMKiHOIKTEPi MEH apTbIKLWbINbIKTApbIH 3epTTeyre apHanfaH. Canara ToH AepekTepaiH Herisri
Ke3gepi MeH Typriepi, CoOHAawm-aK aHanuTWKaHblH 3amaHayw aaicTepi YCbIHbIFaH: cunaTTamansblk,
bomkamMablK, Hyckamarblk xaHe xenen. >KababIKTbiH iCTEH LWbIFybIH Bomkay, Oypfblnay napameTprepiH
OHTannaHAbIpy XaHe KeH OpblHAAPbIHbIH MiHE3-KYIIKbIH MoAenbaey YLiH KongaHbinaTtblH MallnHanblk
OKBITY XXOHe XacaHAbl MHTENMEKT anropuTMaepiHe epekLle Hasap ayaapbinagpl.

BP, Equinor, «lasnpoM HedpTb» xoHe T. 0. CUSAKTblI >XeTeKwWi Xanblkapanblk KOMNaHWUsinapabiH
XafgavnapblH Tangay HerisiHge umdpnblk KypangapgblH wewiMm kabbingay OongairiH sxkakcapTyra,
WhIFbIHOAPAbI a3alTyFa >KeHe TexXHOreHAik Toyekengepai asalTyra kanan MyMKiHAIK GepeTiHi
kepceTinreH. CoHpawi-ak, canaga Big Data-HblH aykbiMabl eHrisinyiH TeXeWTiH Herisri cbiH-kaTepnep
KapacTblpblnyaa: 6inikTi kagpnapgblH XeTicneywwiniri, ecki xxaHe XaHa >Xynenepai uHterpaumanaynbiH
Kypaeniniri, knbepkayincisgik Macenenepi xxsHe UndbpnaHabipyablH KbIMOaTTbIbIFbI.

Tanpgay HaTwxXeciHOe MyHal ra3 eHepkaciOiHiH 6onawak AamyblHblH Heriri pecypcbl peTiHae
JepeKkTep MeH TangayablH CcTpaTervsnbik MaHbl3ablbifbl Typanbl KOpbITbIHALI Xacanagsl. Lindpnbik
TexHonorusnap 6omkay, 6ackapy eHe TypakTbl HAIPIC canackiHa XaHa ropu3oHTTapabl alla oTbIpbir,
aHa OybIHHbIH, MHTENNeKTyanabl MyHan-ra3 KacinopbiHAapbIH KanbINTacTbIpyFa KON awagbl.

Hezizzi ce3dep: Big Data, manday, myHali-ea3 eHepkacibi, 6ommxay, eHiMOinik, yugbpraHobipy.

[anekceo3 KenTipy yLUiH:
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Introduction

In the context of the modern global economy,
the oil and gas industry continues to play a key role
in meeting the energy needs of industry,
transportation, and the population. At the same time,
it faces a number of serious challenges: the depletion
of easily accessible hydrocarbon reserves, growing
demands for environmental sustainability, the need
to reduce operational costs, and the increasing
pressure to improve extraction efficiency. To remain
competitive and ensure sustainable development,
oil and gas companies must seek new approaches
to managing production processes, resources,
and risks.

One of the most promising areas of industry
transformation is the adoption of Big Data and data
analytics technologies.

These tools enable companies to collect, process,
and analyze massive volumes of information
coming from various sources-drilling rigs, wells,
sensors, satellites, production systems, and more.
The data may include both structured information
(e.g., sensor readings) and unstructured data
(e.g., video footage, text-based reports, geophysical
maps).

The use of advanced analytics, including machine
learning and artificial intelligence (Al), allows
companies not only to retrospectively analyze
production processes but also to forecast reservoir
behavior, determine optimal driling parameters,
detect equipment failure risks, and improve
the accuracy of managerial decision-making.
The implementation of Big Data in the oil and gas
sector contributes to more precise reservoir
modeling, reduced downtime, process automation,
and improved technical and economic performance
indicators.

Moreover, the development of the Industrial Internet
of Things (IloT), cloud computing, and digital twins
is shaping a new digital environment in which data
becomes a strategic asset. These technologies
enable companies to shift from reactive to predictive
and prescriptive management strategies, thereby
achieving high productivity while reducing costs
and environmental impact.

Thus, the use of Big Data and analytical technologies
represents an integral component of the digital
transformation of the oil and gas industry.

The aim of this article is to explore current capabilities
and future prospects for applying Big Data and ana-
lytics to enhance forecasting and boost productivity.
It will also analyze concrete examples of successful
technology integration in practice.

The specific objective of this article is to examine
the theoretical foundations and practical applications
of Big Data and analytics in the oil and gas industry,
with a focus on forecasting and productivity
improvement tasks. In addition, a small-scale case
study using data analysis and machine learning
methods will be conducted to illustrate practical
implementation [1].

Literature review

The application of Big Data and analytics in the oil
and gas industry is increasingly being explored both
internationally and within Kazakhstan’s scientific
community. A number of publications in the Bulletin
of the Oil and Gas Industry of Kazakhstan
demonstrate progress in integrating digital solutions,
machine learning algorithms, and intelligent
analytics into key stages of extraction, monitoring,
and geological exploration.

In the study by Zhenis, et al. [2], the authors
examine the architecture of modern bottomhole
pressure monitoring systems using machine
learning algorithms. Particular attention is paid
to real-time streaming processing of telemetry data
from wells, the use of predictive analytics models,
and the integration of Big Data infrastructures
(Lambda and Kappa architectures). This research
highlights the potential of intelligent well operation
management in real time.

The article “Analysis of the well productivity
decline in the Kashagan field” by Khassanov B.K.
and Serniyazov Z.M. [3] analyzes the causes
of declining well productivity, particularly scale
formation. The authors link pressure and tempera-
ture data to model production dynamics, which
aligns with the principles of predictive analytics.
Kolbikova E.S. [4] presents the application
of machine learning methods in seismic and geo-
physical data analysis. Clustering of lithofacies types
helps to model geological structures more accurately
and predict reservoir properties more reliably.

The study by Bisikenov, et al. [5], demonstrates
how tools for analyzing and interpreting PVT data
and geochemical-geophysical measurements
improve reserve estimation, which is essential
for developing accurate mathematical models
for production forecasting.

These studies show that Big Data analytics is used
not only for monitoring extraction processes but
also plays a critical role in exploration, planning,
maintenance, and the development of digital models.
Despite the diversity of topics, all these publications
share a common idea: managing processes
not after problems occur, but proactively, based
on data. This approach helps reduce equipment

downtime, increase production volumes, utilize
resources more efficiently, and operate more
sustainably.

Materials and methods

Big Data refers to a set of technologies
and methodologies for processing and analyzing
extremely large, diverse, and rapidly growing data-
sets that traditional systems cannot efficiently hand-
le. The key characteristics of Big Data are Volume,
Velocity, Variety, Veracity, and Value.

Data analytics encompasses methods and tools
used to extract meaningful insights from data,
enabling informed and data-driven decision-making.
In the oil and gas industry, analytics involves
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statistical analysis, modeling, machine learning,
and artificial intelligence (Al).

Core technologies include: Hadoop and Spark:
frameworks for distributed processing of large-
scale data, SQL and NoSQL database management
systems: for storing and accessing data, Internet
of Things (loT): sensors and devices that collect
real-time operational data, cloud platforms (AWS,
Azure, Google Cloud): for scalable data infrastruc-
ture, machine Learning (ML) and Atrtificial Intelli-
gence (Al): for forecasting, automation, and optimi-
zation.

Data Collection and Integration. In the oil
and gas sector, data is gathered from a wide range
of sources, including sensors on drilling rigs, wells,
and pipelines, geolocation data, climate vari-
ables, operational records, and maintenance logs.
loT devices and SCADA systems enable real-time
data acquisition, forming the foundation for timely
analytics and operational control.

Production Analysis and Forecasting. The pro-
cessing and analysis of Big Data enable the iden-
tification of patterns in extraction processes,
optimization of equipment usage, forecasting of pro-
duction output, and prediction of potential failures
or accidents.

Process Optimization. Analytics contributes to cost
reduction by forecasting equipment condition, opti-
mizing maintenance schedules, improving planning
quality, and minimizing downtime. The implemen-
tation of intelligent control systems enhances both
productivity and safety.

Data Description. To illustrate practical applications,
a simulated dataset representing oil production met-
rics from multiple wells over several years is used.
The dataset includes parameters such as date, pro-
duction volume, pressure, and temperature.

Data Analysis Methods in the Oil and Gas Industry.
To leverage Big Data effectively, the oil and gas
industry applies a wide array of analytical methods.
These can be categorized based on their objectives
and the types of data being analyzed, ranging
from descriptive and diagnostic analytics to pre-
dictive and prescriptive approaches [6].

Time Series Analysis

Oil and gas data often exhibit a temporal structure —
parameters such as production volume, pressure,
and temperature are measured periodically over
time. Time series analysis allows companies to:

— ldentify trends, such as increases or decreases
in oil production over time;

— Detect seasonal fluctuations and cycles, for exam-
ple, the impact of climatic conditions on production;
— Assess the effects of events, such as equipment
maintenance or failures, on production metrics.

— Examples of time series methods include:

moving Average — used to smooth data and reveal
underlying trends;

— autocorrelation — evaluates the relationship be-
tween data points at different time intervals;

— Arima models (AutoRegressive Integrated Moving
Average) — a statistical method for modeling
and forecasting time series data.

Figure 1. Program

DOI: 10.54859/kjogi1 08887
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Correlation Analysis. Correlation analysis helps
identify relationships between various production
and operational parameters, such as:

— the relationship between pressure and production
volume;

— the impact of temperature on raw material quality;
the link between equipment condition and the fre-
quency of unplanned shutdowns.

Common methods include:

— Pearson correlation coefficient — measures linear
relationships between two variables;

— spearman’s rank correlation coefficient — assesses
monotonic relationships that may not be linear.

Results

The results of correlation analysis help determine
which factors most significantly affect productivity
and operational efficiency [7].

Next, we consider a Python-based example for cal-
culating the Pearson correlation coefficient in the oil
production industry. The program analyzes the re-

lationship between the volume of water injection
and oil production at a field (Fig. 1):

This program loads monthly data, calculates
the Pearson correlation coefficient (using Pearson
from scipy.stats module), displays the result
(correlation value and p-value), and also generates
a dependency plot (Fig. 2):

Figure 2. Plot

Figure 3. Multiple Linear Regression in Python

DOI: 10.54859/kjogil 08887
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The graph presents a scatter plot where the hori-
zontal axis (X) represents the volume of water injec-
tion, and the vertical axis (Y) represents the volume
of oil production. Each point on the chart corresponds
to a specific month from the dataset. The points
lie very close to a straight line that slopes upward
as water injection increases. This provides a visual
confirmation of a strong positive linear correlation,
as indicated by the Pearson correlation coefficient.
The chart title, “Correlation between Water Injection
and Oil Production”, along with the axis labels, helps
to clearly interpret what is being displayed.

Thus, the output of the code demonstrates a very
strong and statistically significant positive linear rela-
tionship between water injection volume and oil pro-
duction volume in the provided data, which is clearly
illustrated in the scatter plot.

Regression Analysis

Regression is a method used to model the relation-
ship between a dependent variable and one or more
independent variables. In the oil and gas sector,
regression analysis is often used to:

— forecast production volumes based on technical
and operational parameters;

— evaluate the impact of drilling process changes
on oil quality.

Types of regression include:

— linear regression — for modeling simple linear
relationships;

— multiple regression — incorporates several influ-
encing factors simultaneously;

— polynomial regression — used to capture more
complex, nonlinear relationships.

Here is a Python program for regression analysis
in the oil and gas industry. In this case, the model
captures the relationship between oil production
volume and two factors: water injection volume
and reservoir pressure. The program demonstrates
the use of multiple linear regression (Fig. 3).

The program also generates a 3D plot showing both
the actual data points and the predicted values,
and prints the regression coefficients, which help
evaluate the contribution of each parameter (Fig. 4):

Figure 4. Plot of Multiple Linear Regression

DOI: 10.54859/kjogi1 08887

Machine Learning. Machine learning methods are
widely used for analyzing large datasets and uncov-
ering complex patterns. These algorithms can be
trained on historical data to make predictions or per-
form classifications.

Key approaches include:

— supervised learning: linear models, decision
trees, random forests, and gradient boosting algo-
rithms-used for both regression and classification
tasks;

— neural networks: applied for modeling complex re-
lationships and time series data;

— unsupervised learning: clustering methods (e.g.,
k-means) for grouping wells or processes with simi-
lar characteristics;

— principal Component Analysis (PCA) is used
for dimensionality reduction, enabling data visualiza-
tion and the identification of key influencing factors.

Machine learning enables the automatic detection
of patterns, prediction of equipment failures, optimi-
zation of operational modes, and overall cost reduc-
tion [8].

Failure Analysis and Predictive Maintenance
By leveraging operational data such as vibra-
tion, temperature, and pressure, data analytics
and machine learning models can identify early
indicators of potential equipment failures. This allows
for proactive maintenance planning, preventing un-
planned downtime and accidents.

Data Visualization

Visualization is an essential component of Big Data
analysis. Tools such as graphs, heat maps,
and interactive dashboards support the following:

— intuitive understanding of complex data;

— quick identification of anomalies and trends;
— decision-making support across all
of management [9].

Application Example. The following section (Fig. 5)
presents a program that uses a linear regression
model to analyze production dynamics and fore-
cast oil output for the coming months. The program
visualizes both the original data and the generated
forecast. This solution can be adapted to real-world
datasets from oil companies, such as daily/monthly
production volumes, well parameters, and more.
The program outputs the forecasted production
volumes for each of the upcoming months
to the console, with a precision of two decimal
places.

Thus, the program builds a simple linear regres-
sion model that captures the relationship between
monthly oil production volume and time, and uses
this model to forecast future values.

— Blue dots: These represent the actual oil pro-
duction volumes for each of the 12 months. They
illustrate how production levels varied from month
to month;

— Green line: This is the fitted linear regression
model. It represents the best-fit line that describes
the relationship between production volume

levels
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Figure 5. Oil production forecasting program

and month based on the given data. The line clearly
reflects an overall upward trend in the dataset;

— Red dashed line with circles: This line displays
the forecasted oil production volumes for the next
three months (the 13th, 14th, and 15th months).
The red circles mark the predicted values for each
of these months, and the dashed line connects them,
showing the projected trend in production according
to the model;

— Title: “Oil Production Forecast” Indicates
the subject of the graph;
— Axis labels: “Month” and “Production Volume

(thousand tons)” — Clarify the content of the horizontal
and vertical axes, respectively. The horizontal axis
represents the month number, while the vertical axis
shows the production volume in thousands of tons;

— Legend - Explains the visual elements
on the graph, specifying which components
correspond to “Actual Data”, “Model”, and “Forecast”;

— Grid — Added to enhance readability and make
it easier to interpret values along the axes (Fig. 6).

Figure 6. Oil production forecast
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This 3D plot visualizes data based on month
and production volume. To create a three-
dimensional representation, the Z-axis corresponds
to the index of each data point.

It is important to note that the Z-axis in this context
does not represent any physical or statistically
meaningful variable related to production or time.
The plot illustrates the spatial distribution of the data
points in a three-dimensional space; however,
the relationship between month and production
volume is still best observed on the XY-plane (Fig. 7).

Figure 7. 3D data visualization
(Month, Production, Index)

Overall, the chart clearly demonstrates how linear
regression is used to model trends in the data
and extrapolate them to generate forecasts for future
periods.

Conclusion

In the context of increasingly complex extraction
processes, stricter environmental regulations,
and the growing need for cost optimization, the oil
and gas industry is undergoing a large-scale digital
transformation. One of its key components is the im-
plementation of Big Data and analytics technologies,
which enable the extraction of valuable insights

ADDITIONAL INFORMATION

Funding source. This study was not supported
by any external sources of funding.

Competing interests. The authors declare that they
have no competing interests.

Authors’ contribution. All authors made a sub-
stantial contribution to the conception of the work,
acquisition, analysis, interpretation of data
for the work, drafting and revising the work, final
approval of the version to be published and agree
to be accountable for all aspects of the work.
The greatest contribution is distributed as follows:
Aigerim B. Seitimbetova — manuscript prepara-

56 e

DOI: 10.54859/kjogi1 08887

from massive volumes of heterogeneous and high-
frequency data.

An analysis of existing scientific and practical devel-
opments reveals that the use of intelligent analytics
in the oil and gas sector covers several critically
important areas:

— Forecasting oil and gas production using machine
learning models and time series analysis;

— Optimization of equipment performance
and predictive maintenance, aimed at reducing
the risk of failures and unplanned downtime;

— Interpretation of geophysical and seismic data
through clustering methods, neural networks,
and regression analysis;

— Enhancing field development efficiency through
EOR (Enhanced Oil Recovery) technology screen-
ing, supported by databases and proxy models;

— Digital modeling and the creation of digital twins,
enabling more accurate simulation of development
scenarios and more informed decision-making [10].
Research by Kazakhstani scientists highlights
the active development of solutions tailored
to the local characteristics of oil fields. For example,
the application of Lambda and Kappa architectures
for bottomhole pressure monitoring, neural network
methods for core sample analysis, and the deploy-

ment of platforms such as ABAI demonstrate
the intellectual potential of national science
and industry.

It is important to emphasize that the successful
implementation of Big Data analytics requires not
only technical solutions but also a cultural shift
in decision-making practices within oil and gas com-
panies. This includes building competencies in data
analysis, fostering integration between IT and opera-
tional departments, and ensuring a reliable digital
infrastructure.

In conclusion, Big Data and analytics are becoming
indispensable tools for improving efficiency, safe-
ty, and sustainable development in the oil and gas
industry. Companies that invest today in intelligent
systems and digital platforms will gain a strate-
gic advantage tomorrow—through cost reduction,
increased productivity, and more agile business mo-
dels. In the long term, such approaches contribute not
only to commercial success but also to the creation
of a smarter, greener, and more adaptive energy future.

AONONHUTENBbHO

UcTouyHuK chmHaHCcupoBaHuUA. ABTOPbI 3asBNSOT
06 OTCYTCTBMM  BHELUHEro  (hUMHaHCMPOBaHMWS
npu NpoBeAeHVN NCCNefoBaHus.

KoHcdnukr wuHTepecoB. ABTOpbl [eknapupylT
OTCYTCTBME SIBHbIX W MOTEHUMAnbHbIX KOH(IUKTOB
MHTEPEeCOoB, CBSA3aHHbIX C Nybnukauuen HacTosLen
cTaTbu.

Bknap aBTopoB. Bce aBTOpbl nogTBeEpxaaroT
COOTBETCTBME CBOEro aBTOPCTBA MeEXAyHapOOHbIM
kputepusam ICMJE (Bce aBTOpbl BHECNM CyLLECTBEH-
Hbll BKnag B pa3paboTKy KoHuenuuu, nposede-
HWe uccrnefoBaHWUs W MOATOTOBKY CTaTbW, NPOYNv
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tion and editing; Alevtina S. Shulgina — analysis un opobpunu duHanebHyl0 Bepcuo neped nyonu-

of the results; Aizhan S. Smailova — data collection kauuwen). Hanbonbwwnii Bknag pacnpenenéH cre-

and preparation. ayowmm obpasom: Centumbetosa A.B. — dhopmu-
poBaHve 1 pepaktupoBaHue pykonucy; Lynbruxa-
Tapawyk A.C. — aHan13 Nony4YeHHbIX Pe3ynbTaTos;
Cwmawurnosa A.C. — c6op 1 NoaroToBka AaHHbIX.
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