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FORECASTING CORPORATE FINANCIAL PERFORMANCE USING
MACHINE LEARNING METHODS AND TIME SERIES ANALYSIS

Abstract. The article discusses the problem of forecasting financial
performance of companies using machine learning methods and time series
analysis. The relevance of the research is due to the need to improve the accuracy
of financial forecasting in conditions of high market uncertainty and digitalization
of the economy.

The purpose of the study is a comparative analysis of forecasting models of
quarterly revenue of companies based on financial and macroeconomic data. The
study is based on quarterly data from 21 public companies for the period 2008-
2025 using macroeconomic indicators, including the consumer price index, U.S.
government bond yields, the price of Brent crude oil, and the NASDAQ Composite
and S&P 500 stock indexes.

ARIMA, SARIMA, Prophet, linear regression, Support Vector Regression,
Random Forest, XGBoost, and Long Short-Term Memory models were used for
forecasting. Preliminary data processing, formation of lag signs and integration of
macroeconomic factors are performed. The quality of the models was assessed
using RMSE, MAE, MAPE and sMAPE metrics.

The results showed that ensemble machine learning algorithms provide higher
prediction accuracy compared to classical time series models. Random Forest has
shown the most consistent results. It is established that the choice of the optimal
model depends on the industry specifics and the specifics of the company's time
series. The developed approach can be used for financial planning, investment
analysis and management decision support.

Keywords: machine learning, time series analysis, financial forecasting,
company revenue, Random Forest, XGBoost, ARIMA, LSTM, macroeconomic
indicators.

Introduction.

The development of the modern digital economy is accompanied by a rapid
growth in the volume of financial data, which has created the prerequisites for the
use of intelligent analysis methods in financial forecasting. For companies from all
walks of life, forecasting key financial indicators is an important part of strategic
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management, which helps make informed decisions in budgeting, investment
planning, company valuation, and financial risk management.

Traditional forecasting methods based on statistical time series models, such
as self-regression models and exponential smoothing methods, are highly
interpretable. However, in the presence of nonlinear relationships, structural
changes and the influence of many external factors, the use of these methods is
limited. After the global financial crisis and the outbreak of the "new corona™
epidemic, financial time series began to experience increased volatility, and the
original model underwent changes. These limitations are particularly noticeable
[1].

In recent years, machine learning methods have been actively used in the field
of financial analysis due to their ability to automatically identify complex
relationships between objects without using explicit mathematical models. Random
forest, XGBoost neural networks, regression with support vectors, and neural
networks with short-term and long-term memory have proven themselves well in
predicting companies' financial performance and are better than traditional models
in conditions of nonlinear data dynamics.

Although the results of research in this area are very fruitful, most of the
existing research focuses on stock price forecasts, while corporate revenue
forecasts are relatively low. In addition, many studies consider only the use of one
algorithm, without a comprehensive comparison of various machine learning
methods and time series models.

Materials and Methods.

The research database contains quarterly financial reports of 21 American
companies listed on the stock exchange from seven sectors of the economy,
namely: information technology, energy, banking, manufacturing, hospitality,
aviation industry and retail [2]. Figure 1 shows the structure of the analyzed period,
which covers the period from 2008 to 2025, and most companies have data for a
total of 68 quarters.

In addition to corporate financial statements, five macroeconomic indicators
were included in the study:

— Consumer Price Index;

— the yield of ten-year US government bonds;

— the cost of Brent crude oil;

— NASDAQ Composite Index;

— the S&P 500 index.

The data sources were the databases of Refinitiv, Yahoo Finance and the
Federal Reserve Bank of the United States (FRED).

Before building the models, a comprehensive preprocessing was performed as
shown in Figure 2. At the first stage, the missing values and duplicate observations
were checked. Next, a logarithmic transformation of the time series was performed
to stabilize the variance. The stationarity of the series was evaluated using the
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extended Dickey—Fuller test (ADF). The STL decomposition of time series was
used to identify seasonal patterns.

Problem & Relevance

So Why Financial Forecasting
Matters — Why It Is Essential?

Traditional methods can't keep up
Spreadsheets and ARIMA miss non-linear dynamics, macro shocks, and company seasonality —
failing hardest in post-2020 volatility.

ML & Al unlock a new level of accuracy

RF, XGBoost, LSTM and ensembles capture non-linear patterns and macro interactions —
consistently beating classical baselines across all sectors.

Figure 1 - Substantiation of the relevance of financial forecasting
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Figure 2 — Preliminary data processing

Special attention was paid to the formation of the feature space. According to
Figure 3, the following groups of features were formed:

— lag variables (lagl, lag2, lag4, 1ag8);

— moving averages;

— sliding standard deviations;

— quarterly growth rates;

— seasonal signs;

— macroeconomic indicators;
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— microeconomic financial indicators of the company.

Eight algorithms were used for forecasting:

— linear regression;

— Random Forest;

— XGBoost;

— Support Vector Regression;

— ARIMA,;

— SARIMA;

— Prophet;

— Long Short-Term Memory.

The quality of the models was assessed using four of the most common
metrics. The quality of the models was assessed using the following metrics
formulas (1-4):

1 o~
RMSE = |51, (v - 50 @
1 o~
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100 =V
MAPE = 2y, 2| ©
_ w n |yi'_ﬁi|
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where y; is the actual value of the indicator, ¥; is the predicted value, and n is
the number of observations.

date fiscal_year fiscal_year_raw revenue revenue_unit fiscal_quarter fiscal_period company is_outlier_igr lag_1 log_lag_1 lag_2 log_lag_2 lag_4 I

2010-

o 03- 2010 2010 1.57 USD billions 1 2010Q1 AMD False 1.65 0.974560 140 0.875469 118
27
2010-

1 06- 2010 2010 1.65 USD billions 2 2010Q2 AMD False 157 0943906 165 0.974560 118
26
2010-

2 09- 2010 2010 1.62 USD billions 3 2010Q3 AMD False 165 0.974560 1567 0943906 140
25

3 320_1;)5- 2010 2010 1.65 USD billions - 2010Q4 AMD False 1.62 0963174 165 0.974560 1.65 |
2011-

4 04- 201 201 1.61 USD billions 1 20mQ1 AMD False 165 0.974560 162 0.963174 157 (

02

Figure 3 — Formation of features for machine learning models

To increase the reliability of the results, Rolling Origin Cross Validation was
used, and the statistical significance of the differences between the models was
determined using the paired Student's t-test and the Wilcoxon test [4].

Results.
The study was conducted on the basis of quarterly financial data from twenty-
one public companies representing seven sectors of the economy. The sample
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includes enterprises from the technological, financial, energy, industrial, hotel, and
retail sectors. The use of an industry-diversified sample made it possible to assess
the stability of forecasting models for various types of time series behavior.

A preliminary analysis of the time series showed, according to Figure 4, that
most of the studied sequences are characterized by a pronounced long-term trend
and seasonality.

Time Series Decomposition of Bank of America

Figure 4 - Decomposition of the time series of the company's quarterly revenue

Structural changes related to the consequences of the COVID-19 pandemic
and the subsequent recovery of the global economy have been identified for a
number of companies. After performing the logarithmic transformation and the
first differentiation, all time series satisfied the criterion of stationarity according to
the results of the extended Dickey—Fuller test, which confirmed the possibility of
using ARIMA family models and other forecasting methods.

The analysis of the autocorrelation function allowed us to establish the
existence of a stable relationship between the current and previous values of
quarterly revenue. The lag signs lagl, lag2, lag4 and lag8 turned out to be the most
informative, reflecting the short-term and seasonal dependencies of financial
indicators. The use of these features has significantly improved the accuracy of
most machine learning models.\

To assess the influence of various groups of factors, four experimental
forecasting scenarios were formed:

S1 — using only engineering features of the time series;

S2 — engineering attributes together with microeconomic indicators of
companies;

S3 — engineering features in conjunction with macroeconomic indicators;

S4 is a complete set of features, including engineering, micro- and
macroeconomic indicators.
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Figure 5 — The significance of lag signs in forecasting

Each scenario was evaluated using eight forecasting algorithms. The quality
of forecasts was calculated using RMSE, MAE, MAPE, and SMAPE metrics.

The results showed significant differences in the effectiveness of the
algorithms studied, as shown in Figure 7. Linear regression provided satisfactory
accuracy only for companies with stable revenue dynamics and an almost linear
pattern of financial performance changes. As the nonlinearity of the time series
increased, the prediction errors increased.
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Figure 7 —Choosing the optimal forecasting model

Classical time series analysis models (ARIMA, SARIMA, and Prophet)
effectively described pronounced seasonality and long-term trends, but their
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quality declined significantly when structural changes, sharp market fluctuations,
and external economic shocks occurred.

The highest results among machine learning algorithms were demonstrated by
the Random Forest and XGBoost models. Thanks to the ensemble construction of
decision trees, these methods successfully modeled complex nonlinear
dependencies between lag features, financial coefficients, and macroeconomic
indicators. A particularly noticeable advantage was observed for companies with
high financial volatility [5].

The Long Short-Term Memory model also provided high prediction accuracy
in the presence of long-term time dependencies. However, the effectiveness of
LSTM significantly depended on the size of the training sample and required
significantly more computing resources compared to tree ensembles.

A comparison of the results for all the companies studied showed the absence
of a universal forecasting model that works equally effectively for all sectors of the
economy. For financial institutions, the use of macroeconomic factors led to a
marked reduction in forecasting errors due to the high dependence of the banking
sector on interest rates and the general state of the economy. A similar trend was
observed for energy companies, whose financial performance is significantly
determined by the dynamics of world oil prices [6].

In the technology sector, the impact of macroeconomic variables was less
pronounced. For individual companies, the inclusion of additional macroeconomic
indicators led to an increase in forecasting errors, which indicates the
predominance of internal business development factors over the external economic
environment.

The statistical analysis of the differences between the forecasting scenarios
was performed using the paired Student's t-test and the Wilcoxon landmark rank
criterion. The results obtained confirmed the statistically significant superiority of
ensemble machine learning methods over most individual models. At the same
time, the differences between the scenarios of using macroeconomic indicators
turned out to be industry-dependent, which confirms the need for an individual
selection of a set of indicators for each company [7].

The most stable results were obtained using the Random Forest algorithm,
which provided the minimum sMAPE values for most of the studied companies,
and a comparison of forecasting methods is shown in Table 1. The high efficiency
of the model is explained by its ability to take into account complex nonlinear
interactions between financial indicators, automatically identify the most
significant features, and maintain resilience to outliers caused by the crisis events
of recent years.

Table 1 — Comparison of forecasting methods

Metona Advantages Limitations

JluneitHas perpeccus Ease of implementation and | It does not take into account
interpretation nonlinear dependencies

ARIMA It describes stationary time | It is sensitive to structural
series well changes




SARIMA . . Limited by linear
Takes into account seasonality .
dependencies
Prophet Automatically highlights the | Less effective for complex
trend and seasonality dynamics
SVR High accuracy with small | Requires hyperparameter
samples settings
XGBoost High precision and stability Higher cpmputatlonal
complexity
LSTM It models long-term It requires a large amount of
dependencies well data
Random High stablllty,_ automatic large size of the ensemble
feature selection, high | . N
increases the training time
accuracy
Forest Ease of implementation and | It does not take into account
interpretation nonlinear dependencies
Discussion.

The results obtained confirm the high efficiency of modern machine learning
methods in predicting the financial performance of companies. A comparison of
the models shows that integrated algorithms, especially random forest and
XGBoost, in most cases have higher prediction accuracy than traditional time
series models. Their advantage lies in their ability to explain the complex non-
linear relationships between financial, macroeconomic, and lagging variables.

However, the research results show that currently there is no universal model
applicable to all sectors of the economy.

It is worth noting that the traditional ARIMA, SARIMA, and Prophet models
still have practical value in analyzing stable time series with significant
seasonality. However, when structural changes are caused by causes such as the
global economic crisis or the COVID-19 epidemic, their forecasting accuracy is
significantly reduced. Despite the positive results, this study still has some
limitations. First of all, the macroeconomic factors used in the study are limited,
and the analysis is based only on data from companies listed on the stock exchange
in the United States. Secondly, to assess the quality of the forecast, the study
mainly uses a point forecast, but does not analyze confidence intervals. Therefore,
future research should expand the scope of macroeconomic indicators and use
long-term memory models (ARFIMA), angle-of-view forecasting methods, and
probabilistic methods to assess forecast uncertainty [8].

Conclusion.

The study conducted a comprehensive comparison of time series analysis
models and machine learning algorithms for predicting quarterly revenue of
companies in various sectors of the economy.

The constructed model, based on financial and macroeconomic data, is
evaluated using RMSE, MAE, MAPE and sMAPE indicators. The results of the
study show that a combination of technical characteristics and macroeconomic
indicators can improve the forecasting accuracy of most companies.The random

211



212

forest and XGBoost models demonstrate the best results and provide the lowest
margin of error due to their ability to identify complex nonlinear dependencies and
efficiently use a large number of functions.

The classical ARIMA, SARIMA, and Prophet models showed satisfactory
accuracy in the presence of stable trends and seasonality, but the results were less
resistant to changes in the structure of the time series. It was determined that the
choice of the best model depends on the industry specifics of the company, the
structure of the source data and the composition of the functions used.The results
obtained confirm the expediency of using machine learning methods to solve
financial forecasting problems and support managerial decision-making [9].

The practical significance of this research lies in the fact that the proposed
methods can be used for financial planning, investment analysis, corporate risk
assessment and the development of intelligent decision support systems.Promising
areas for further research are the expansion of the scope of macroeconomic factors,
the use of hybrid and probabilistic forecasting models, as well as the use of deep
learning methods for long-term forecasting of financial indicators.
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KOMITAHUSUIAPIBIH KAPKBLIBIK KOPCETKIIITEPIH
MAIIMHAJBIK OKBITY JKOHE YAKBIT KATAPJAPBIH TAJIJIAY
OQJIICTEPI HETI3IHJE BOJIKAY

Angatma. Makanaga MamMHANBIK OKBITY OMICTEPIH JKOHE  yaKbIT
CepHMSUTaphIH  TalAaydbl KOJIJAaHA OTBHIPHIN, KOMITAHUSJIAPABIH  KapPKBUIBIK
KOPCETKIIITEPIH 00JKay MIHAETI KApacThIpbUIaIbl. 3epTTEYAIH ©3€KTUIIT KOFaphl
HApBIKTBIK O€NTICI3IK MEH S3KOHOMHUKAHbI HU(DpIaHAbIPY KaFJalbIHAA KapKbLIBIK
OOJKaYIbIH IQAITTH APTTHIPY KAXKETTUIIrIMEH OaiJIaHbICTHI.

3epTTeyAiH MakcaThl Kap>KbUIBIK >KOHE MAaKpPOIKOHOMUKAJIBIK MOJIIMETTED
HETi31HJIe  KOMITAHUSUIApABbIH  TOKCAHJBIK  KIpICIH  OoibKay  MOJENbAEpIH
CAJIBICTBRIPMANIBI  Tajiay OoJIbI  TaObUIAJBI. 3€epTTey MaKpOIKOHOMUKAIBIK
KOPCETKIITEPAl, COHBIH 1IIHAC TYThIHY OaramapbiabiH wHACKCIH, AKIII
MEMJIEKETTIK OOJMralusiapblHbIH KIpiCTUTITH, Brent myHaii OaracblH >KoHE
Nasdaq Composite xone S&P 500 xop wHaekcTepiH naimanana oteipsi, 2008-
2025 >xpunmap apanbIFbIHAAFRl 21 amibIK KOMITAHUSTHBIH TOKCAHJIBIK JTEPEKTEePIHIES
OPBIHIAJIIIBI.

bomwkay ymin Arima, SARIMA, Prophet, ce3bIkTBIK perpeccus, Support
Vector Regression, Random Forest, XGBoost sxone Long Short-Term Memory
MoOJeNbIepl KoJAaHblaAbl. JlepexkrepAl anablH ajla eHIey, Kijipic OenriiepiH
KAJIBINTACTBIPY KOHE MAKPOIKOHOMUKAIIBIK (haKTOpJIapAbl OIpIKTIPY OPBIHAAIIBI.
Mopnensaepain canacet RMSE, MAE, MAPE xone SMAPE kepcetkimrepiMeH
OarajaH/bl.

Hormxenep ancamOubaik MammHaabIK OKBITY alTOPUTMAEP] KIACCHUKAIIBIK
YaKbIT KaTapblHBIH VJTUIEPIMEH CalbICTBIPFaH/Ia >KOFaphl Oopkay JOIAITIH
KaMTaMachl3 eTeTiHiH KepceTTi. EH Typaktel HoTmwkenepai Random Forest
kopceTTi. OHTAMIBI MOJIEBA1 TaH/Iay CAIANBIK EPEKIICTIKKE KOHE KOMITaHUSHBIH
YaKbIT CEpPHUACHIHBIH EpEKIIeTIKTepiHe OaiJIaHbICThl EKEHIIT  aHBIKTAJIJIBI.
O3IPJICHTeH TOCUIMI KApPXKBUIBIK >KOCIapiay, HWHBECTHUIMSIIBIK Tajjay »KoHE
Oackapy menrmMaepi KoJaay YIiliH maiaaianyra 0oJabl.

Tyiiinai ce3aep: MalIMHAJIBIK OKBITY, YAKbIT CEPUACHIH TaJAay, Kap KbUIbIK
Oomkay, KoMmaHusHbIH Kipici, Random Forest, XGBoost, ARIMA, LSTM,
MaKpOIKOHOMUKAJIBIK KOPCETKIIITED.

Asiro3 MmaHcakumoBa, maructp, ceHbop-iekrop, Almaty Technological
University, Aimvarsl, Kazaxcran, ayagozimansakipova8@gmail.com
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INPOIHO3UPOBAHUE ®PUHAHCOBBIX HQKABATEJIEfl
KOMITAHUU C UCITIOJIB3OBAHUEM MOJEJIEM BPEMEHHbBIX
PAJOB U MAIIIMHHOI'O OBYYEHUA

AHHOTanmMs. B cratee paccmarpuBaeTcs 3ajada  [POTHO3HPOBAHUS
(UHAHCOBBIX TOKa3aTele KOMIIAHUKA C HWCIMOIB30BAaHUEM METOIOB MAIIMHHOTO
oOyyeHHs ¥ aHajdu3a BpPEMEHHBIX PSIAOB. AKTyallbHOCTh HCCIEIOBaHUSA
oOycliOBIEHA ~ HEOOXOAMMOCTBIO  TOBBIMIEHHS ~ TOYHOCTH  (PMHAHCOBOTO
MPOTHO3UPOBAHUS B YCIOBHUSIX BBICOKOM PBIHOYHOM HEOMNPENEICHHOCTH U
U poBU3ALIMN IKOHOMHUKHU.

Llenr wuccmeqoBaHMs 3aKIOYAECTCS B CPABHUTENBHOM aHANIM3€ MOJENen
MIPOTHO3UPOBAHUS KBapTaJIbHON BBIPYYKH KOMITAHMM Ha OCHOBE (DMHAHCOBBIX U
MaKpO’KOHOMUYECKUX JaHHbIX. MccliemoBaHWE BBINOJHEHO HA KBapTaJIbHBIX
naHHbIX 21 myOnuuHoM Kommanuu 3a nepuon 2008—2025 IT. ¢ UCTOIb30BaHUEM
MaKpOAKOHOMUYECKHX TOKa3aresei, BKIIOYas HHAEKC IMOTPEOUTENHCKUX IIEH,
JIOXOMHOCTh TocynapcTBeHHbIX oOnuranuii CIIA, neny nedtu Brent u dhonmoBbie
naaekcel NASDAQ Composite u S&P 500.

Jns mporHo3upoBanusi npumeHeHbl moaenu ARIMA, SARIMA, Prophet,
nuHelHas perpeccusi, Support Vector Regression, Random Forest, XGBoost u
Long Short-Term Memory. BeimonHeHsl mpenBaputenbHas o0paboTKa JTaHHBIX,
dbopMupoBaHUE JIArOBBIX NPU3HAKOB W HMHTErpalus MaKpPOIKOHOMHUYECKUX
(daxTopoB. KauecTBo Moaeneit onieHuBanock no merpukam RMSE, MAE, MAPE u
SMAPE.

Pe3ynbraThl moka3anau, 4To aHCaMOJIEeBbIE AJITOPUTMbI MAIIMHHOTO OOYy4YEHUs
oOecrneunBaloT 0o0Jjiee BBICOKYIO TOYHOCTH IMPOTHO3UPOBAHMUS MO CPAaBHEHHUIO C
KJIACCUYECKUMU MOJISISIMU BpEMEHHBIX psifioB. Hanbosee ycroiiunBbie pe3yabTaThl
nponemoHcTpupoBall Random Forest. YcranoBieHo, 4TO BBIOOp ONTHMAIbHOM
MOJIEIM 3aBUCHUT OT OTPAcCiIeBOM CHeUM(PUKU U 0COOEHHOCTEW BPEMEHHOIO psiaa
KoMMaHuu. Pa3paboTaHHBIN MOAX0] MOXKET OBITh MCIOIB30BaH ISl (DMHAHCOBOTO
IJAHUPOBAHUS, WHBECTUIIMOHHOTO  aHaliu3a W MOAJEPKKU  MPUHSTHUSA
YIIPABIICHYECKUX PELICHUM.

KiroueBble cioBa: MamuHHOE OOy4YeHHE, aHallM3 BPEMEHHBIX PSIOB,
(rHaHCOBOE MPOTHO3UPOBAaHME, BbIpyuka komnaHuu, Random Forest, XGBoost,
ARIMA, LSTM, MakpO3KOHOMHUYECKHUE MMOKA3aTENH.
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FaITBIMIAPABIH )KYMBICTAPBIH KapacThIpa OTHIPHII alla/ibl.

Marepuangap MeH Tacijep — 3epTTey Kypridy OapbIChIHIA KOJJAaHFaH oicTepiH
KepceTe/Ii.

HoaTu:kesiepi — TEOpUSIIBIK XKOHE HKCIEPUMEHTTIK HOTHXKENEp, jKaHa JIePEKTEp, FHUIBIMU
YKAHAJIBIKTAP, YCHIHBICTAP KENTipije .

Tankpuiay - AJIBIHFBI 3€pTTEYNIEpre COWKEeC albIHFaH HOTHIKENIEPAIH MAaHbI3IbUIbIFbIH
Tayngay, YKCaCThIKTap MEH albIpMAIIbLIBIKTAP/Ibl AHBIKTAY, KYMBICTBIH FBUIBIMUA KYHIIBUTBIFBIH
HET137Iey JKOHE 0J1aH opi 3epTTey OAFbITTAPBIH YCHIHY.

KopThiHabLiay — 3eprrey OapbIChIHIA MaKaJIaHBIH KOPTHIHABICHIH IIBIFApy, ajJbIHFaH
HOTWKEHIH MTPAKTUKAJIBIK MaHbI3bIH KOPCETY, 63 TapallblHaH YCBHIHBIC jKacay KepekK.

OneduerTep Ti3iMi — MOTIHZIEr! cUITEMeNep OJlapJblH aTajy peTiMeH oecyl OoWbIHIIA
HeMipnieHeni. JKapusnanbeiM Typanel Oubnuorpadusansik mamimerrep MEMCT 7.1. — 2003
«bubnmnorpadusbik xa36a. KypacTelpyablH jKajbl Talantapbl MEH epexenepi.

Makananga »JeKTpOHIBIK pecypcTapAbl MaiifajgaHca HMHTEpHETTErl MeKeH-Xailbl Oap
JKENUIIK pecypcka cuiteme KenTipuieai. Pecypcka xyriHce aBTOPBIH, TaKbIPBIObIH, KaparaH KYHIH
KOpCeTKeH1 aypbic. Makanaga TpaHCIUTHUPIIEHTEH AEpeKKe3AepAiH Ooaybl MiHAETTI mIapT
00JbIIT TaOBLITAIBI.

OneOueTTep  Ti3iMI  OpBIC  TUTIHAEC  JKOHE  JKaambl  KaOBUIAAHFAaH  aFbUIIIBIH
TpaHCIUTEPAMSIChIHIA YChIHBUTYBI THic. MyHBI hitp: //translit. ru/ nemece https:// transliteration.
pro/ bsi caiiTeiHa KepCeTITeH OaFaapIaMaHblH KOMETIMEH jkacayFa 0oJa bl

TemeHri >karbIHAa aBTOpJIAP Typaibl MAJIIMET YIII TUIAe Oepisiesii. AThI — JKOHI, JIaya3bIMBI,
FBUIBIMHM aTaFbl, FBUIBIMU JI9PEXKECl HKYMBIC )KaCalThIH MEKEeMeCi, KaJachblH, MEMJICKETIH >KoHe
AIIEKTPOH/IBI TIOYTACKIH ka3y Kepek. Kem aBrop 0osica Makanara jkayanThl Oip FaHa aBTOPIBIH
AJIEKTPOH/IBI IOYTACHIH KOPCETE/].

TexHMKaJBIK TAJanTap:

Mortinaix gaitngap Word dopmaTbiHaa YCHIHBITYBI KEPEK.

HIpudTe! - Times New Roman — 14 kerms.

Komnapansix uarepsan — 1,0.

[eTi: - >KOFapFbI KOHE TOMEHT1 — 2 CM, COJI )KaFbl — 3 CM, OH JKaFrbl — 2 CM.
AOG3anThIK aiy — 1 cm.

Makanansiy kenemi 10 GeTTeH acmay Kaxer.
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PykoBoacTBO 1J11 aBTOPOB

[TyGnukanuss mMaTepuanoB B HaydyHO-WH(GOpPMAIMOHHOM >XypHasie BectHuk Boennoro
uHctutyra CyxonmyTHeIX BoiMck wuMeHu Carazata HypmaramberoBa ocylecTBisieTcst ¢
ucnonb3oBanueM Open Journal System, cucTeMbl OHJAWH-TIOJAYM M SKCIIEPTHOM OICHKH.
Perucrpanus u n1octyn B paszene oTIpaBKa MaTepHaioB. ABTOp sl KOPPECIIOHICHIIMN 00sI3aH
IIPEAOCTaBUTh CONPOBOAUTEIBHOE IIMCHMO IIPH I10a4€ PYKOIIUCH.

Pykonuch 10/1:kHa OBITH 0(popMJIeHA B COOTBETCTBHH € TPEOOBAHUSMH, ONMCAHHBIMH
HULKe.

Ha3Banue cTaTbM — JOJDKHO COOTBETCTBOBATH COACPKAHUIO CTAaThH, TEME UCCIICIOBAHUSI.
[Mpudt cratbu (14 keenn).

AHHOTAIIUSI — KPAaTKOE W3II0OKECHHE COAepk aHus HaydHoU craThu. OOBEM aHHOTAIUU
cocrasiseT He 6osee 300 ciroB, opopmirseTcs Ha 3-X s3bikax. (14 keenn).

KiroueBble ¢JI0Ba — TCKCTOBBIE METKH, KOJMYECTBO KITFOYECBBIX CIIOB OT 5, oopmiisercs
Ha 3-X s3bIKax (Ka3aXxCKOM, PYCCKOM, aHTJIMHCKOM).

BBe)IeHI/Ie — HU3JIOKCHUC AKTYAJIbHOCTH TEMbI HCCIICAOBAHUA C 00s13aTeIIbHEIM
PAaCCMOTPCHUEM OTCUCCTBCHHbBIX H Sap}/'6e)KHBIX pa60T.

MaTepI/laJIbl H METOAbI — OIIHMCBIBAKOTCA MCTOJAbI, HMCIIOJIB30BAHHBIC B XOJIC
HCCICIOBaHUA.

Pe3yJIbTaTbI — HOPpHUBOIATCA  OCHOBHBIC TCOPECTHUUYCCKHUEC MW  SKCICPUMCHTAJIBHBIC

pe3ynbTatThl, (JaKTHYECKUE JaHHbIE, 0OHAPYKEHHBIC B3aHMOCBS3H M 3aKOHOMEPHOCTH.

OO0cyskneHue - aHATM3UPOBATH 3HAYCHUE TTOJTYUCHHBIX PE3YJIBTATOB B CBETE MPEIBIIYIIINX
UCCJICOBAaHM, BBIABISISI KaK CXOJCTBA, TaK M OTJIMYHUS, OOOCHOBBIBas HAay4YHYIO IICHHOCTb
paboThI U Tpe Iarast HalpaBJICHUs IS TATbHEHIIINX UCCIICIOBAHUH.

3akil0ueHHe — MOJBEJCHUE HTOTOB paboThl, 0OOCHOBAHME HOBHM3HBI M aKTyalbHOCTU
WCCIICTOBAHMS.

Cnucok JIMTepaTypbl — CChIJIKA B TEKCT€ HYMEPYIOTCS IO BO3pPAcCTaHUIO B MOPSAKE UX
ynomuHanus. Crnmcok muteparypel  odopmisiercs crporo mo ['OCT 7.1, — 2003
«bubnuorpaduueckas 3anuck. bubauorpapuueckoe onucanue. O6ume TpeOGOBaHU U MpaBUIIa
COCTaBIICHHSI.

IIpy wucnonp30BaHMM B CTaTh€ HMCTOYHUKOB U3 JJIEKTPOHHBIX DPECYpCOB B CIHCKE
JTUTEpaTyphl HEOOXOAMMO YKa3aTh Ha CETEBOH pPECcypc C MOJHBIM aJpPecOM B HHTEPHETE.
XKenatenpHo yka3bIBaTh 1aTy 0OpalleHUs K Pecypcy.

Criucok uTeparypbl TOJDKeH OBITh MPENCTaBlIeH Ha PYCCKOM SI3bIKE M B OOLICTIPUHSITOM
aHIIMHCKOM TpaHCIUTEepaluu. DTO MOXHO CAENaTh C IMOMOIIbI0 IMPOTrpaMMBbl, YKa3aHHOW Ha
caiite http://translit.ru/, iu6o https://transliteration.pro/bsi

Hwmwxe natorcst cBegeHust 06 apropax Ha Tpex si3bikax. ®MO aBropa(-oB), JaHHbIE
aBTOPOB: JIOJDKHOCTH, YU€HOE 3BaHME, ydeHas CTEleHb HAMMEHOBAHHE YUPEKICHUsS, TOPOJa,
rocynapctBa. [IpM HaaMuuMU HECKOJBKHX COaBTOPOB, PEKOMEHAyeTCS YKaszaThb aJpec
AJIEKTPOHHOMN TIOYTHI BCEX aBTOPOB.

Texnnyeckue TpedoBaHUA

TexcroBble Qaiinbl crieayeT npencTaBisaTs B popmare Word.

e Illpudt — Times New Roman, pazmep — 14pt.

Mexayctpounsiii uaTepBai — 1.0.

[Tons:- Kpas-BepXHsst M HUKHSS — 2 €M, JIeBast — 3 ¢M, ITpaBast — 2 CM.
Ao03amr— 1 cMm.

OOmwem craThl — He T0JDKeH npeBbimaTh 10 cTpaHu.


http://journal-ks.kisi.kz/index.php/ks/submission/wizard
http://translit.ru/
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Guidelines for Authors

The publication of materials in the scientific journal Bulletin of the Sagadat
Nurmagambetov Military Institute of Land Forces is carried out using the Open Journal System,
an online submission system and peer review. Registration and access are in the section
submission of materials. The corresponding author shall be obliged to provide a cover letter
when submitting a manuscript.

The manuscript must be formatted in accordance with the requirements described
below.

The research paper title should correspond to its content and research topic. It is indicated
in capital letters in the center of the page (MS Word in size 14 Times New Roman).

Abstract is a summary of the research paper content. The abstract should be written in no
more than 300 words in Kazakh, Russian, and English (MS Word in size 14 Times New Roman).

Keywords. The number of key words must be at least 5, and be written in 3 languages
(kazakh, russian, english).

Introduction should include consideration of domestic and foreign research and actuality
of research topic.

Materials and Methods are the research methods used during the subject consideration.

Results reveals main theoretical and experimental results, new facts, suggestions and
recommendations.

Discussion - The purpose of the discussion is to analyze the significance of the results
obtained in the light of previous research, identifying both similarities and differences,
substantiating the scientific value of the work and suggesting directions for further research.

Conclusions are the summing up study results, presenting practical recommendations, as
well as own proposals.

Bibliography and Transliteration. The list of references in the text is numbered in
ascending order in the order of their mention. The list of references is drawn up strictly
according to GOST 7.1. — 2003. “Bibliographic record. Bibliographic description. General
requirements and rules of compilation”.

When using sources from electronic resources in the article in the list of references, it is
necessary to indicate a network resource with a full Internet address. It is advisable to specify the
date of access to the resource.

The list of references should be presented in Russian and in the generally accepted English
transliteration. This can be done using the program listed on the website. http://translit.ru/, or
https://transliteration.pro/bsi

The research paper design requirements: The ICSTI code, the research paper title, the
full name of the author(s), the authors data: position, academic title, academic degree, name of
institution, city, state, e-mail.

Technical requirements

Text files should be submitted in Word format.

e Font-Times New Roman, size — 14pt.

Line spacing — 1.0.

Fields: Edges-top and bottom — 2 cm, left — 3 cm, Right — 2 cm.
Paragraph — 1 cm.

The volume of the article should not exceed 10 pages.
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