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Time series forecasting is a pivotal tool across multiple disciplines, particularly in epidemiology, where
precise predictions can guide resource allocation and inform public health strategies. This study explores the
application of Seasonal Autoregressive Integrated Moving Average (SARIMA) models for short-term forecast-
ing of time series data, using epidemiological data from Kazakhstan related to COVID-19 as a practical case
study. The dataset encompasses total confirmed cases, daily ambulatory care patients, and daily hospitalized
patients, spanning from May 30, 2022, to December 14, 2022, with forecasts extending 10 days forward to
December 24, 2022. The analysis leverages SARIMA's ability to capture both seasonal and non-stationary
patterns, making it highly effective for modeling complex epidemiological dynamics.

The methodology involves several key steps: data preprocessing through natural-log transformation to
stabilize variance, stationarity testing using autocorrelation function (ACF) plots, and differencing to address
non-stationarity. The optimal SARIMA models identified were (5,3,1)(1,1,0)_7 for total cases, (1,2,2)(0,1,1)_7
for ambulatory care patients, and (2,2,1)(2,1,1)_7 for hospitalized patients, with forecasting accuracies of
99%, 97%, and 91%, respectively. These high accuracies, measured via Mean Absolute Percentage Er-
ror (MAPE), underscore SARIMA’s robustness in short-term predictions. Residual analysis, including Shap-
iro-Wilk and Ljung-Box tests, confirmed that the models’ residuals were normally distributed and independent,
validating their suitability for forecasting.

This study highlights SARIMA’s versatility in capturing weekly seasonal patterns, as observed in the
7-day cycles within the COVID-19 data, which reflect reporting or behavioral trends. While the example fo-
cuses on epidemiological data, the methodology is broadly applicable to other domains, such as ecological
monitoring or economic forecasting, where seasonal time series are prevalent. The findings demonstrate that
SARIMA models provide a reliable framework for short-term forecasting, offering actionable insights for public
health interventions and resource planning, with the COVID-19 dataset serving as an illustrative example of
the approach’s efficacy and adaptability.

Key words: time series forecasting; SARIMA models; short-term prediction; epidemiological data; sea-
sonal patterns; ARIMA; Kazakhstan (as example)

INTRODUCTION
Time series analysis and forecasting are es-
sential tools in data-driven decision-making across
numerous sectors. These methods allow for the mod-
eling of sequential data to predict future values based
on historical patterns, accounting for trends, season-
ality, and irregularities. While traditionally applied in
fields such as finance and meteorology, time series
models have proven valuable in epidemiology for
anticipating disease dynamics and resource needs.
This paper focuses on the general methodology of
using SARIMA models for short-term forecasting, il-
lustrated through an epidemiological example involv-

ing COVID-19 data from Kazakhstan.
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The SARIMA framework extends the basic
ARIMA model by incorporating seasonal compo-
nents, making it suitable for data with periodic fluc-
tuations. Historical applications include forecasting
infectious disease incidences like hepatitis B [33],
pertussis [24, 31], tuberculosis [34], malaria [18, 30],
and hemorrhagic fever [32]. More recent studies have
adapted SARIMA for emerging challenges, such as
those posed by global health events [2, 3, 7, 8, 10,
11, 19, 27, 29] demonstrating its robustness for short-
term predictions [11, 14, 19, 20, 27, 29]. Variations
and comparisons with other models [4, 5, 9, 12, 16,
23, 28] further underscore its utility when seasonality
is present.
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In this context, we apply SARIMA to forecast
key metrics from a real-world dataset, using COV-
ID-19 statistics from Kazakhstan as an exemplar. As
of January 5, 2023, Kazakhstan reported 1,305,649
confirmed COVID-19 cases, providing a rich time
series for illustration. The dataset includes daily cu-
mulative cases, patients under ambulatory care, and
hospitalized patients, sourced from official reports [1].
However, the primary emphasis is on the forecasting
technique itself — how to preprocess data, identify
model parameters, evaluate residuals, and assess
accuracy - rather than the specific disease. This
method can be generalized to other time series, such
as air quality indices in ecology or patient inflows in
general healthcare planning.

Prior work in Kazakhstan has explored math-
ematical modeling for health risks [22, 35] and re-
source estimation using compartmental models like
SEIR [15, 25, 26], but these often assume constant
parameters or focus on long-term scenarios. Our
study complements this by showcasing SARIMA’s
strengths in short-term, data-driven forecasting with-
out such assumptions, using the COVID-19 period as
a practical demonstration.

The aim of this study was to outline a com-
prehensive approach to SARIMA-based short-term
forecasting, analyzing and predicting time series var-
iables while using epidemiological data from Kazakh-

stan as an example. We aim to provide a blueprint
for applying this method in diverse contexts, empha-
sizing model selection, validation, and interpretation.

MATERIALS AND METHODS

The methodology presented here is designed
for general time series forecasting using SARIMA
models, with an epidemiological dataset serving as
an example. Data were sourced from official daily re-
ports [1], covering total cases, ambulatory care pa-
tients, and hospitalized patients from May 30, 2022,
to December 14, 2022 (training set), with December
15-24, 2022, used for validation.

SARIMA Model Overview

SARIMA extends ARIMA by adding seasonal

terms, denoted as
(p.d,q)(P.D,Q)_s (1),

where:

p, g = non-seasonal autoregressive and mov-
ing average orders;

d = non-seasonal differencing order;

P, Q = seasonal autoregressive and moving
average orders;

D = seasonal differencing order;

s = seasonality period (e.g., 7 for weekly
cycles).

Graphical
representation of the
time series

Data transformation
if necessary

Checking for
stationarity

Finding the best
model with
significant

coefficients of its
parameters

Determining the
number of model
parameters

Evaluation of model
residuals

Forecasting

Estimating model
accuracy

Differentiation if
necessary

Figure 1 — Th algorithm to fit a SARIMA model
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The model equation is [13]:

n=:+zm+zm+ﬁ+z%+2ﬁh (2).

where:
Yy, = the value of the explore variable in time ;
¢ = intercept;

¢ = coefficient of each parameter ;
0 = coefficient of each parameter ;
e, = the residuals or errors in time ;
@ = the coefficient of each parameter ;
O = the coefficient of each parameter Q;
s = the seasonality of the model.
Algorithm for SARIMA fitting is presented in
figure 1.
Graphical representation of time series
The first step was to plot time series of ana-
lyzable variables (daily total COVID-19 cases, daily
number of COVID-19 patients under ambulatory care
and daily number of COVID-19 hospitalized patients)
for visible analysis of trend and seasonality.
Data transformation
The high variability of time series values com-
plicates the process of creating a model for forecast-
ing and reduces the accuracy of this model, there-
fore, with high data variability, it is necessary to apply
a preliminary transformation of the source data. A
natural-log transformation of the data was performed
to stabilize this variability. In this study, the coefficient
of variation (CV) was used to assess the variability of
the data before and =aftar natural-lnq transformation.
Cv = i* 100% (3),
¥
where:
CV = coefficient of variation
s = standard deviation
y = mean
Checking for stationarity
Most time series models require the data to be
stationary. A stationary time series is a series whose
behavior in the present and future coincides with the
behavior in the past, i.e. properties are not affected
by changing the origin of time. It is possible to deter-
mine whether a time series is stationary by looking at
the form of the autocorrelation function (ACF) on their
graphical plots. If the ACF does not decrease to zero
or at a very slow decay, this suggests non-stationarity.
Differentiation if necessary
ARIMA (SARIMA) is an extension of ARMA
models for non-stationary time series, which can be
made stationary by taking differences of some order
from the original time series. Box and Jenkins [6] rec-
ommended using the next differencing approach first-
ly, to plot the autocorrelation function of the first-dif-
ference series. Then to iterate the previous step until
the ACF looks like the one of a stationary series. |
(Integrated) component refers to the use of a differ-
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encing operator of raw observations, to eliminate
non-stationarity.
Determining the number of model parameters

The number of times the differencing was per-
formed to make the series stationary is the order of
d and D parameters. The number of p, P, g and Q
parameters can be determined by using graphical
plots of the ACF and PACF. Different shapes of the
autocorrelation function are possible. Usually, the au-
toregressive model parameters should be included
in the model if shape of the autocorrelation function
represents exponential decay to zero or damped os-
cillations. The partial autocorrelation plot identifies
order of p and P parameters in this case. Presence
high values at fixed intervals on the ACF plot speci-
fies on seasonal autoregressive component. In turn
of moving average model parameters the shape of
the autocorrelation function represents one or more
spikes, the rest is essentially zero and the orders of
g and Q are identified by where autocorrelation plot
becomes zero. If the exponential decay starting after
a few lags, it means both autoregressive and moving
average models parameters need to be included in
the model.

Finding the best model with significant

coefficients of its parameters

On the next step, parameter estimation is ac-
complished by maximizing the likelihood of the data.
This technique finds such values of the parameters
more precisely, their coefficients (c, ¢, 6, @, 0O),
which maximize the probability of obtaining the data
that we have observed [13]. For computing the maxi-
mum likelihood value for a particular SARIMA models
we used Approximate McLeod & Sales method with-
out backcasting [6].

Evaluation of model residuals

There are two important requirements of ade-
quate SARIMA model. First of all, the residuals (ob-
served minus forecast values) must be normally dis-
tributed. Secondly, the residuals must be independent
of each other. The normal distribution of residuals
was tested by using the Shapiro — Wilk. The residuals
independence was tested by plotting the autocorrela-
tion function and applying Ljung-Box Q-test tests to
the residuals of the obtained models [21].

Forecasting

In case of COVID-19, a forecast is required
of what will happen in the immediate future without
much regard for what will happen in the longer term.
The models were built on the time interval from 2020-
05-30 to 2022-12-14. The forecast was made for the
next 10 days (from 2022-12-15 to 2022-12-24).

Estimating model accuracy

Forecasting accuracy is the opposite of fore-
casting error. If the forecast error is large, then the
accuracy is small, and vice versa. Mean absolute per-
centage error (MAPE) was the measure of accuracy
of the model fit was used in this study [13].
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Table 1 — CV values of the data before and after natural logarithm transformation

Data set Before After
Total COVID-19 cases 2,588 0,184
Daily number of COVID-19 patients under ambulatory care 126,9 23,05
Daily number of COVID-19 hospitalized patients 117.,9 21,19

T
1 £) — F(E
MAPE = _Z M = 100% (3),
n&s ¥(i)
Forecast accuracy In % = 1UU% - MAFE

where:

MAPE = mean absolute percentage error

n = number of observation;

y(t)= real value;

y(t) = forecast value.

The MAPE forecast error estimate is the re-
ciprocal of the forecast accuracy. If MAPE<10%,
then the forecast is made with high accuracy, 10% <
MAPE< 20% — the forecast is good, 20% < MAPE<
50% — the forecast is satisfactory and MAPE> 50% —
the forecast is bad [17].

Analysis was performed using Statistica 10,
adaptable to other software like R or Python. This
framework is versatile, applicable to any time series
exhibiting seasonality, with the COVID-19 data used
here to demonstrate each step.

RESULTS

The graphical presentation of the time-series
datasets showed that there was a sharp increase in
cumulative cases of COVID-19 in Kazakhstan (figure
2, part a) from early July to early September 2022,
there was an increase of 80,000 cases in two months.

Daily number of COVID-19 patients under am-
bulatory care (figure 2, part b) and number of COV-
ID-19 hospitalized patients (figure 2, part ¢) had a
pronounced peak at the end of July and beginning of
August 2022. There was a decrease in daily number of
COVID-19 patients under ambulatory care and num-
ber of COVID-19 hospitalized patients since the be-
ginning of August to the end of September. During Oc-
tober 2022, the time series did not change much and
plateaus were observed at that time on the presented
figure 2, but since November 2022, the growth of all
three studied time series has begun again. It should
be noted that a new rise in the time series of the daily
number of COVID-19 patients under ambulatory care
was recorded from the end of November 2022, while in
the time series of the daily number of COVID-19 hospi-
talized patients it began earlier on two weeks.

At the next stage of this work, we apply data
transformation in the form of a natural logarithm. CV
values (table 1) confirmed high initial variability, re-
duced significantly post-log transformation, facilitat-
ing modeling.
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In the case of daily number of COVID-19 pa-
tients under ambulatory care and number of COV-
ID-19 hospitalized patients, the values of the coef-
ficient of variation (126,9 and 117,9% respectively)
exceed 100%, which means that the dispersion level
around the mean is huge and the standard devia-
tion is greater than the mean. Natural logarithm data
transformation made it possible to reduce the varia-
bility of these data sets by more than five times.

After data transforming, we evaluated the form
of the autocorrelation function (ACF) on their graph-
ical plots to infer whether the time series are station-
ary or non-stationary (figure 3).

The red dotted lines in the graphs of figure 3
mark the critical interval within which the values of
the autocorrelation function are considered not to dif-
fer from zero. Analyzing the graphical presentation of
autocorrelation functions we could conclude all three
time series data sets were non-stationary, because
the plots indicated strong serial dependencies for
lags of 1 to 15 with the highest value of autocorrela-
tion for a lag of one.

Using Box and Jenkins recommendations [6]
in order to make the series stationary and to remove
the serial dependency, several non-seasonal differ-
encing transformation were performed in these series
and the results of transformations were presented at
the figure 4.

As can be seen from figure 4 most serial de-
pendencies have disappeared. However, the remov-
al of the lower order serial dependencies exposed a
higher order seasonality for lag of 7. There is also a
clear (seasonal) dependency for a lag of 14 (it mul-
tiples of 7). This indicates a seasonal pattern in data
sets. In other words, there are days when number of
patients is more and when it is less. Seasonal differ-
encing with the lag of 7 was used for removing this
dependency at the next stage of this work.

Previously, it was found that the data required
logarithmic transformation and two types of differenc-
ing (nonseasonal and seasonal). At the next step we
determined the number of models parameters. The
order of d and D parameters was taking from the num-
ber of non-seasonal and seasonal differencing trans-
formation. The number of p, P, g and Q parameters
were determined by using graphical plots of the ACF
and PACF. Parameter estimation in SARIMA models
were accomplished by maximizing the likelihood of
the data and the following parameter coefficients for
each model were obtained and presented in table 2.
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Figure 2 — Daily total COVID-19 cases (a), number of COVID-19 patients under ambulatory care (b) and
number of COVID-19 hospitalized patients (c) during the period from 2020-05-30 to 2022-12-14

Table 2 — SARIMA models and their parameters

Data set/model Coefficients Std. Err. t p
o, -0,357 0,125 -2,848 0,005
¢, -0,515 0,096 -5,359 0,000
¢, -0,572 0,088 -6,540 0,000
Total COVID-19 cases/(5,3,1)(1,1,0)7 é, -0,282 0,094 -3,012 0,003
o, -0,354 0,081 -4,349 0,000
0, 0,354 0,122 2,906 0,004
o, -0,463 0,074 -6,280 0,000
¢, -0,912 0,054 -16,82 0,000
Daily number of COVID-19 patients 8, -0,542 0,082 -6,644 0,000
under ambulatory care/(1,2,2)(0,1,1)7 0, 0,417 0,070 5,975 0,000
o, 0,728 0,048 15,24 0,000
o, 0,026 0,089 0,288 0,774
o, -0,246 0,082 -2,983 0,003
Daily number of COVID-19 hospitalized | ©; 0,787 0,063 12,41 0,000
patients/(2,2,1)(2,1,1)7 b, 0,499 0,111 4,514 0,000
o, 0,280 0,088 3,174 0,002
o, 0,911 0,076 12,01 0,000
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Figure 3 — Autocorrelation Function of Daily total COVID-19 cases (a), number of COVID-19 patients under
ambulatory care (b) and number of COVID-19 hospitalized patients (c) for first 15 lags

Both the non-seasonal and seasonal autore-
gressive and moving average parameters coefficients
were highly statistically significant (p<0,05) in all pre-
sented models (the exception was the parameter ¢,
in Daily number of COVID-19 hospitalized patients
model, p=0,774).

The next step after finding the best SARIMA
models was to estimate the residuals. P-values of the
Shapiro — Wilk tests were greater than 0,05 conse-
quently the residuals were subject to a normal distri-
bution in all models (table 3).

Simultaneously there is no significant correla-
tion in the residuals series and residuals sample auto-
correlations are in (-0,2; 0,2) interval, it confirms that
residuals are white noise (table 3). It is known that
white noise is a process that has a constant mathe-
matical expectation, constant variance, and zero (for
all but zero lag) autocorrelation function [21]. Also,
the results of Ljung-Box Q-tests (all calculated p-val-
ues greater than 0,05) for the autocorrelation pattern
in the residuals indicated they were independently
distributed (table 3). Featured SARIMA models re-
spond adequately to information about the data sets
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because their residuals were normally distributed and
independent to each other. The fulfillment of these
conditions allows using the models for forecasting
and the forecast of these models will be good, and
the forecast intervals that are calculated considering
the normal distribution will be accurate [13].

Applying SARIMA models to the training set we
forecasted Total COVID-19 cases (figure 5, a), Daily
number of COVID-19 patients under ambulatory care
(figure 5, b) and number of COVID-19 hospitalized
patients (figure 5, c) for the 10 days (from 2022-12-15
to 2022-12-24).

All forecasted values were higher than the ac-
tual, observed values in all cases. For the first five
days of the forecast, the differences between the
forecast and actual values were minimal. As expect-
ed, the 90% confidence intervals for the forecasted
values gradually increased and reached its maximum
by the tenth day of the forecast. Forecasting accuracy
calculated based on mean absolute percentage error
(MAPE) was presented in the table 4.

Estimating the forecasts accuracies obtained,
which for all the presented models were more than
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Figure 4 — Autocorrelation Function of daily total COVID-19 cases (a), number of COVID-19 patients under
ambulatory care (b) and number of COVID-19 hospitalized patients (c) for first 15 lags after differencing

transformation

90%, we can conclude that the forecast data were
in good agreement with the actually observed data.
Therefore, we can recommend these SARIMA mod-
els for a short-term forecast of total covid-19 cases,
daily number of COVID-19 patients under ambulatory
care and number of COVID-19 hospitalized patients.

Thereby applying the SARIMA methodology to
the example dataset revealed patterns and enabled
accurate short-term forecasts, illustrating the mod-
el’s effectiveness. Graphical plots (Figure 2) showed
trends with peaks and plateaus, indicative of season-
al influences in the time series. CV values (table 1)
confirmed high initial variability, reduced significantly
post-log transformation, facilitating modeling. ACF
plots (figure 3) indicated non-stationarity, resolved
through differencing (figure 4), exposing a 7-day
seasonality. Optimal models (table 2) had significant
coefficients (mostly p<0.05), confirming fit. Residuals
were normally distributed (Shapiro — Wilk p>0.05)
and independent (Ljung-Box p>0.05; table 3), val-
idating the models. Forecasts (figure 5) with 90%
confidence intervals aligned well with observed data,
with MAPE values (table 4) indicating high accuracy
(>90%). These results exemplify how SARIMA cap-
tures complex patterns in time series, providing relia-
ble short-term predictions.
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DISCUSSION

This study show cases SARIMA as a power-
ful tool for time series forecasting, using COVID-19
data from Kazakhstan as an example to highlight its
practical application. The method’s ability to handle
non-stationarity and seasonality makes it broadly ap-
plicable.

Data preprocessing (log transformation, differ-
encing) addressed variability and trends, a standard
practice for improving model accuracy in diverse da-
tasets [6, 13]. The identified 7-day cycles align with
weekly patterns often seen in reporting-dependent
series, as noted in similar studies [11, 19].

Model parameters (e.g., AR order indicating
dependence on recent lags) provide insights into data
dynamics, consistent with applications in other fields
[2,3,7,8,19, 27, 29]. High accuracies (>90%) affirm
SARIMA’s suitability for short-term forecasting, sup-
porting findings in public health and beyond [11, 29].

Compared to alternatives [4, 5, 9, 12, 16, 23,
28], SARIMA excels in seasonal data without requir-
ing complex hybrids. While the example focuses on
epidemiological metrics for resource planning, the
approach extends to ecological monitoring (e.g., pol-
lution levels) or economic indicators.
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Table 3 — Shapiro — Wilk test, Autocorrelation Function and Box & Ljung Q test results for the residuals of
SARIMA models for first 15 lags

Box & Ljung Q test

Data set/model Shapiro — Wilk tests lag | Autocorr. Std. Err. a 0
1 [-0,010 0,072 0,019; 0,890
2 |0,001 0,072 0,020; 0,990
3 |0,049 0,072 0,476; 0,924
4 0,045 0,072 0,869; 0,929
5 0,035 0,071 1,108; 0,953
6 0,058 0,071 1,780; 0,939
Total COVID-19 cases/ SW — W=0,983; £ {0029 007 1,945, 0969
SARIMA(5,3.1)(1.1.0)7 p=0’12’5 ’ 8 0,155 0,071 6,714; 0,568
9 |-0,056 0,071 7,354; 0,600
10 |[-0,153 0,070 12,08; 0,280
11 0,086 0,070 13,59; 0,256
12 |-0,143 0,070 17,77; 0,123
13 | 0,062 0,070 18,57; 0,137
14 | -0,063 0,070 19,40; 0,150
15 |-0,109 0,069 21,86; 0,112
1 |-0,004 0,072 0,003 0,957
2 0,012 0,072 0,030 0,985
3 |-0,009 0,072 0,047 0,997
4 |-0,023 0,071 0,153 0,997
5 |-0,040 0,071 0,467 0,993
6 |-0,126 0,071 3,593 0,732
Daily number of 7 |-0,074 0,071 4,696 0,697
coVD.opaters | SV [ Tomo Joon fasn Jor
SARIMA(1,2,2)(0,1,1)7 9 |-0,043 0,070 5,250 0,812
10 |-0,063 0,070 6,063 0,810
11 |-0,005 0,070 6,068 0,869
12 |-0,009 0,070 6,084 0,912
13 |-0,001 0,070 6,084 0,943
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Figure 5 — Forecast of daily total COVID-19 cases (a), number of COVID-19 patients under ambulatory care
(b) and number of COVID-19 hospitalized patients (c) with 90% confidence interval for the next 10 days.
Observed cases — red dots, forecast cases — blue dots and lines

Table 4 — Forecasting accuracy of SARIMA models

Model MAPE Forecast accuracy, %
SARIMA (5,3,1)(1,1,0)7 0,202 99,8
SARIMA (1,2,2)(0,1,1)7 2,600 97,4
SARIMA (2,2,1)(2,1,1)7 9,000 91

The 10-day horizon balances accuracy and
utility [11], demonstrating SARIMA’s strengths over
long-term models like SEIR [15, 25, 26].

Limitations. The models are optimized for
short-term forecasts; longer periods may increase
errors. Parameters are dataset-specific and may re-
quire retraining with new data. While illustrated with
Kazakhstani data, adaptations are needed for other
contexts. External factors (e.g., policy changes) not
captured here could influence general applications.

CONCLUSIONS
SARIMA models offer a robust framework for
short-term time series forecasting, as demonstrated
using COVID-19 epidemiological data from Kazakh-
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stan. This approach, emphasizing data transformation,
stationarity, and residual validation, yields high-accu-
racy predictions and can be applied across domains
for effective planning and resource management.
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lMporHo3upoBaHWe BpPEMEHHbIX PSAOB SBMSETCA KIOYEBLIM MHCTPYMEHTOM B pasnu4yHbIX 0bnacTsix,
OCODEHHO B 3MMAEMMONOrMun, rge TOYHble MPOrHO3bl MOryT OnpefensiTb pacrnpegeneHne pecypcoB U
MHopMMpoBaTh O cTpaTermsax OBLLEeCTBEHHOro 34paBoOOXpaHeHusi. B gaHHOM uvccrnegoBaHuMM M3yyvaetcs
NpUMeHeHe Mofenen Ce30HHOW aBTOPErpeccun ¢ UHTErpUPOBaHHbLIM ckonb3sAwmm cpegHum (SARIMA) ans
KpaTKOCPOYHOro MPOrHO3MPOBaHUS BPEMEHHbIX PSOOB Ha OCHOBE 3NMAEeMUONOrM4eckmx AaHHblx no COV-
ID-19 13 KasaxcTtaHa B Ka4yecTBe npakTuyeckoro npumepa. Habop gaHHbIX oxBaTbiBAeT 00LLEE KONMYECTBO
MOATBEPXKOEHHbIX CIyYaeB, eXXeQHEBHbIX MALUEHTOB, NOMyYaLwmx ambynaTopHy NOMOLLb, U eXEOHEBHbIX
naumMeHToB, rOCMMTaNM3NpPoBaHHbIX, 3a nepuog ¢ 30 maa 2022 r. no 14 gekabpsi 2022 r., ¢ NpPorHo3amu
Ha 10 gHen Bnepepn, 0o 24 gekabpsa 2022 r. AHanm3 ncnonb3dyeT cnocobHocTb SARIMA dumkenpoBaTth Kak
Ce30HHbIE, TaK U HeCTaLMOHapHbIE 3aKOHOMEPHOCTU, YTO AenaeT ero BbICOKOA(P(EKTUBHBIM NHCTPYMEHTOM
05151 MOOENnMpPOBaHUSA CITIOXKHON 3NUAEMUONOrMyeckon ANHaMUKK.

MeTogonornsi BKMtOYaeT HECKONbKO KIOYEBLIX 3TanoB: NpeaBapuTenbHyld 006paboTky AaHHbIX
nocpencTtBOM npeobpas3oBaHMs B HaTypanbHbI norapudm ans crabunusauumn [ucnepcuun, npoBeEpKy
CTaLMOHAaPHOCTU C UCMOMb30BaHNEM rpaddnKoB aBTOKOPPENALMOHHON yHKUnKN (AKD) n anddepeHumnpoBaHmne
ONs yCcTpaHeHusa HectaumoHapHocTu. OnTtumanbHbeiMn mogensmn SARIMA 6einn onpegenensl (5,3,1)
(1,1,0)_7 ansa scex cnydaes, (1,2,2)(0,1,1)_7 Ans naumeHToB ambBynatopHoro nedyenus u (2,2,1)(2,1,1)_7
Onsi NauMEeHTOB rOCNUTaNM3MPOBaHHbIX C TOMHOCTbLIO NporHo3npoBaHus 99%, 97% n 91% cooTBETCTBEHHO.
OTa BbICOKasi TOYHOCTb, M3MEPEHHAs C MOMOLLbIO cpefHen abCoMnTHOM MNpoueHTHon owunbkn (MAPE),
nogyepkmBaet HagexHocTb SARIMA B KpaTKOCPOYHbIX MpOrHo3ax. AHanmM3 OCTaTKOB, BKIOYasi TeCTbl
LWanupo-Yunka un JletoHra-bokca, noarsepann HopmanbHoe pacnpeferieHve U He3aBUCUMMOCTb OCTaTKOB
MoAenewn, 4to NOATBEPXKAAET UX NPUrOAHOCTb ANS MPOrHO3MPOBAHKS.

[daHHoe wccnegoBaHne nogytpkMBaeT yHMBepcanbHocTb Mogdenn SARIMA B oTcnexvsaHum
eXXeHeOernbHbIX CE30HHbIX 3aKOHOMEPHOCTEN, Habnwpaembix B 7-OHEBHbIX LMKNax AaHHbix o COV-
ID-19, koTOpble OTpaXKalT TEeHAEHUMW B OTYETHOCTU WM MOBEAEHMU. XOTS MpUMep cocpenoToveH Ha
3NMAEMMONOrMYECKMX [OaHHbIX, METOAOMOMMSA LUMPOKO MNPMMEHMMa M B OPYrnx obnactax, Takmx Kak
9KOMOMMYECKNA  MOHUTOPUHT MMM  3KOHOMWYECKOE MPOrHo3WpoBaHue, rge npeobnagjatoT Ce30HHble
BpeMeHHble psdbl. Pesynbrartel nokasbeiatoT, 4to mogenu SARIMA obecneunBatoT HagbkHyt0 OCHOBY Ans
KpaTKOCPOYHOro NPOrHO3nMpoBaHusl, NPeaoCcTaBnsas NpakTuyeckue pekoMmeHgaumnm ana Mep BMeLlaTenscTea B
cepe 0bLLEeCTBEHHOIO 30paBOOXPaHEHNS 1 NNaHMPOBaHKS PeCypCcoB, a Habop AaHHbix 0 COVID-19 cnyxut
HarnsgHeIM NpMepoM 3 (EKTUBHOCTH M aganTUBHOCTU 3TOrO Nogxoaa.

Knoyeebie crosa: NpPOrHO3MpoBaHME BpeMeHHbIX psaoB; mogenn SARIMA;  kpaTkocpo4Hoe
NMPOrHO3MpPOBaHWe; 3NUOEMUONIOTMYECKME AaHHble; Ce30HHble 3akoHoMepHocTu; ARIMA; KasaxctaH (B
KayecTBe npumepa)
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M. A. CopokuHa’', U. B. Kopwykose', H. K. Omapbekosa’, []. T. Anubueea’, E. A. [JpobyeHko"*

SARIMA MOAEJILAEPIH NANOANAHbIMN, KbICKA MEP3IMAI BOJMKAY: KA3SAKCTAHOAFbI COVID-19
BOUbIHLLA SNMUOEMMNONOINAnNbIK YAKbIT KATAPbIHbIH AEPEKTEPIHE KOCbIMLLA

'«KaparaHobl meavumHa yHuBepcuteTi» KeAK nHdopmaTuka xeHe Guoctatuctvka kadenpack! (100008,
KasakctaH Pecnybnukacol, KaparaHgbl k., [oronb k., 40; e-mail: info@gmu.kz)

*EneHa AnekcaHpgpoBHa [po64yeHko — «KaparanHabl meguuuHa yHuBepcuteTi» KeAK umHdopmaTtmka
eHe buocTtatuctuka kadpeapacol; 100008, KasakctaH Pecnybnukacel, KaparaHngbl K., [oronb k., 40; e-mail:
Drobchenko@gmu.kz

YakbITwa katapnapgbl 6omkay apTypni cananapga, acipece anvaemuonorisaga Heriari kypan 6onbin
Tabbinagbl, MyHOa HakTbl Bormkamaap pecypcTtapgbl Oenyre xeHe OeHcayrblK cakray crpaTtermsinapbiH
xabaprnayra MyMkiHOiKk OGepepi. byn 3eptTey Toxipmbenik mbican petiHge Kasakctangarbl COVID-19
ANMAEMMONOINMANbIK AEepeKkTepiH namganaHa oTbIpbif, KbiCka Mep3iMAi yakblT kaTtapblH 6Gomkay yLiH
MaycCbIMAblK aBTOperpeccuBTi BipiKTipinreH xblmkbiMansl opTawa (SARIMA) ynrinepiH kongaHyabl 3epTren.
HepekTep xuHarbl 2022 xbinabiH 30 MamblpbliHaH 6acTan 14 XenTokcaHblHa AeWiHri apanblKTaFbl pacTanfaH
XafgannapgbiH, KyHOEMKTi aMOynaTtopusinblK HayKacTapAblH, XeHe KYHAENIKTi aypyxaHaFa >XaTKbl3bliFaH
HayKacTapAblH, XXanmnbl caHblH kKamTuabl, 6omkamaapmeH 10 KyH GypbiHFbl, 2022 XbingblH 24 XenToKkcaHblHA
neniH. Tanpay xacay SARIMA-HbIH MaycbIMAbIK >XoHe CTauMoHaprblK eMec ynrinepai Tycipy MyMKiHAiriH
navganaHagbl, Oyn OHbl Kypgeni anMaeMuonorvsanblk AvHamukanapgbl Modenbey YLWiH JKoFapbl TUiMai
Kypan eteqi.

Opicteme OipHelle Herisri Kkagamgapdbl KaMmTugbl: OUCMEPCUSIHbI TypakTaHObIpy YLWiH HaTypan
norapudmre TyprieHApy apkbifibl AepekTepdi angblH ana eHaey, aBToKoppensumst yHKUMSACHIHbIH
(AK®) rpadukTepiH namganaHbi CTaUUMOHApPIbIKTbl TEKCEPY >KOHEe CTauMOHaprblK €MECTIKTI KO YLUIH
onddepeHumangay. AHbiktanfan eH tvimai SARIMA ynrinepi:  6apnblk xafgannap ywid (5,3,1)(1,1,0)_7,
ambynaTtopuanblk Haykactap ywiH (1,2,2)(0,1,1)_7 xeHe aypyxaHara XaTkbl3bllFaH HaykacTap yuwiH (2,2,1)
(2,1,1)_7 6ongbl. bormkayabliH, gengiri cevikeciHwe 99%, 97% xoHe 91% 6Gongbl. OpTawa abcontoTTi
nanbi3gpblk katenikneH (MAPE) enweHeTin 6yn »xofapbl gangik SARIMA-HbIH Kbicka Mep3imai 6omkamagapaarbl
ceHimainiriH kepceteqi. Kanablktapgbl Tangay, coHblH iwiHae Wannpo-Bunk xxaHe JlbtoHr-bokc cbiHakTapsbl,
YIri KanAablKTapbiHbIH KANbINThl TapamaanyblH XXaHe TayerncisairiH, COHbIMEH KaTap onapablH 6omkam xacay
YLUiH >XapaMabIbIFbIH pactagpl.

Byn 3epTTey ecen 6epy Hemece MiHe3-KynbIK ypaicTepiH kepceTeTiH COVID-19 gepektepiHiH 7 KyHAIK
uukngapbiHga GankanatbiH antanblk Maycbimablk ynrinepai Tycipyoeri SARIMA mogeniHii, ambebanTbifbiH
Kepcetegi. [lemek, Mbican anMaeM1onorvanblk Aepektepre barbiTTanfaHbIMeH, agicTeMe MayCbiMAbIK YakbIT
kaTapnapbl 6acbim ©onaTtbiH 3KOMOrMANblK MOHUTOPUHI HEMECE 3KOHOMUKarnblk Gormkay cusiktbl Hacka
cananapra keHiHeH kongaHbinagbl. AnbiHFaH HaTwkenep SARIMA ynrinepi Koramablk AeHcayrblK cakTay
Wwapanapbl MEH pecypcTapibl Xocnapray YWiH Texipubenik Hyckaynap 6epeTiH kbicka Mep3imai 6ormkay
YLWIiH ceHiMAi Heri3ai kamTamachbli3 eTeTiHiH xoHe COVID-19 gepekTtep »uHafbl OCbl TOCINAiH TMiMAiniri MeH
OenimpenyiHii alikblH Mbicanbl PeTiHAE KbIBMET eTETIHIH KepceTes,.

Kinm ce30ep: yakbiTTblK KaTaprapgbl ©Oomkay; SARIMA ynrinepi; Kkbicka Mepsimgi  6ormkay;
anuagemMuonornanslk gepekrep; maycbimaplk ynrinep; ARIMA; KasakctaH (Mbican peTiHae)
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