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ABSTRACT

Accurate electricity consumption forecasting is critical for optimizing energy management and ensuring
grid stability. This study uses advanced machine learning techniques to enhance electricity consumption
forecasting in the Republic of Kazakhstan. The research analyzes historical electricity consumption data
from 2002 to 2022. Considering seasonal and temporal dependencies. Various forecasting models,
including Holt-Winters, Seasonal ARIMA (SARIMA), and Long Short-Term Memory (LSTM) networks,
are applied and compared in terms of accuracy and reliability. The results indicate that while traditional
statistical models effectively capture seasonal patterns, machine learning-based approaches, particularly
LSTM, demonstrate superior performance in identifying complex nonlinear trends. The study discusses
the practical implications of accurate electricity consumption forecasting for energy management,
demand-side optimization, and policymaking. The findings contribute to developing intelligent analytical
frameworks for improving energy efficiency and sustainability in Kazakhstan’s power sector. This study
enhances electricity consumption forecasting in Kazakhstan using machine learning models, improving
accuracy and energy management. Scientifically, it advances predictive analytics in power systems.
Practically, it aids grid stability and demand planning. And sustainability. Internationally, the findings
contribute to global forecasting methodologies, benefiting energy sectors worldwide. LSTM outperforms
traditional models, offering robust solutions for dynamic electricity demand. This study uses advanced
machine learning techniques to improve electricity consumption forecasting in the Republic of
Kazakhstan. Historical monthly data from 2002 to 2022 were collected from the National Statistics
Bureau. We compared statistical models (Holt-Winters, SARIMA) with a Long Short-Term Memory
(LSTM) neural network. Results show that while classical methods effectively capture seasonal trends,
LSTM more accurately models nonlinearities and longer-term dependencies. The implications include
enhanced planning for energy providers and policymakers, leading to better demand-side management
and grid stability. Our findings contribute to developing intelligent forecasting systems in Kazakhstan’s
power sector and provide an example for other regions with similar energy challenges.

Keywords: Forecasting, Holt-Winters Models, SARIMA, LSTM, Dickey-Fuller Test.

1. Introduction

In the modern world, energy-related issues are becoming increasingly crucial. One key
aspect is analyzing changes in electricity consumption volumes, including their dependence on
various factors. This study aims to explore the dynamics of growth or reduction in consumption
volumes across different months and compare the effectiveness of various forecasting models.
The energy sector plays a pivotal role in contemporary society by meeting essential needs and
supporting economic growth. With population growth and technological advancement, efficient
management of energy resources is becoming more pertinent. Analyzing changes in electricity
consumption volumes, directly linked to balancing energy production and consumption, is
particularly important. Accounting for seasonal and temporal factors is pivotal to electricity
consumption analysis. Consumption volumes can vary significantly based on the time of year,
holidays, and other influences. Understanding the dynamics of these changes facilitates the
development of effective management and forecasting strategies, optimizing the operation of the
energy system.

This study analyzes changes in electricity consumption volumes in the Republic of
Kazakhstan from 2002 to 2022. By analyzing time series data, the authors aim to determine the
dynamics of growth or reduction in electricity consumption based on the time of year. The
authors examined various forecasting models to achieve this goal, including their mechanisms,
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advantages, and disadvantages. Maintaining a balance between electricity production and
consumption necessitates reliable forecasting tools. Analyzing the dynamics of electricity
consumption over different periods reveals trends and patterns that contribute to resource
optimization and the increased efficiency of the energy system. Forecasting has become a core
task in information technology today due to the vast amount of data available for analysis and
prediction based on existing information. Thus, machine learning, as a subset of artificial
intelligence, allows systems to be trained to predict indicator changes based on available data.
This study opens the door to applying new technologies for practical use in various fields,
pursuing marketing, commercial, governmental, and other objectives.

Accurate electricity consumption forecasting is a cornerstone in optimizing energy
management, ensuring grid stability, and guiding policy decisions (Chatfield, 1978). In the
Republic of Kazakhstan, pronounced seasonal fluctuations—driven by winter heating and
industrial cycles—pose significant challenges to reliable demand prediction (National Statistics
Bureau of the Agency, 2022). Consequently, the power sector requires forecasting tools capable
of capturing linear (trend, seasonality) and nonlinear (industrial surges, anomalous events)
patterns.

Recent international studies illustrate the global shift toward machine learning models for
energy forecasting (Kalekar, 2004; Mirowski et al., 2014; Albahli, 2025). Traditional statistical
methods such as ARIMA and Holt-Winters remain popular for short-term predictions but often
struggle with complex, high-dimensional data (Lai & Dzombak, 2020; Kaotsialos et al., 2005).

Meanwhile, deep learning, notably Long Short-Term Memory (LSTM) networks, excels
at modeling long-range dependencies and adapting to dynamic regimes (Hochreiter &
Schmidhuber, 1997; Kong et al., 2019). This convergence of computational power and abundant
data has driven many scholars to explore hybrid approaches (Pierre et al., 2023; Xu et al., 2022)
combining linear and nonlinear models to improve accuracy.

However, most existing research focuses on regions with extensive open-data ecosystems
or stable consumption patterns (Wang et al., 2014; Wang et al., 2019). Kazakhstan’s electricity
market is still evolving, with partial data gaps and abrupt changes in industrial activity (National
Statistics Bureau of the Agency, 2022). The literature lacks a thorough comparative study of
advanced machine learning methods and traditional statistical forecasting tailored to
Kazakhstani conditions.

Research Gap and Novelty. First, there is limited insight into the performance of deep learning
models on sparse or partially missing monthly consumption data. Second, Traditional models
have not been systematically compared to LSTM in the Kazakhstani context.

Research objective. This study aims to (1) evaluate Holt-Winters, SARIMA, and LSTM
models on real-world electricity consumption data from Kazakhstan (2002-2022) and (2)
identify the most accurate, robust forecasting method to support sustainable energy management
in the country. By addressing these gaps, our research contributes to the existing knowledge on
emerging machine learning solutions and supports Kazakhstan’s long-term energy strategy.
Practical significance. A scientific article on “Research and development of big data mining
models in planning problems” can be practical and scientifically significant.

Practical significance is expressed in more accurate and efficient data planning and
management decision-making in the information power industry of the Republic of Kazakhstan.
This research can help companies and organizations optimize their activities and resources. In
addition, intelligent models help create more accurate forecasts regarding the conservation and
conservation of resources in the electricity industry, including in the face of varying temperature
extremes and climate change.

The study's scientific significance lies in new directions for developing methodology
within the framework of new data mining models. New approaches and algorithms can also
become the basis for future research and development. In general, an article on this topic is
important both for university students and researchers working with information systems and
the creation of intelligent analysis models, as well as for specialists and experts in this field.
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2. Literature Review

Electricity consumption forecasting has been extensively studied in energy management,
economics, and artificial intelligence. Accurate forecasting models are critical for optimizing
energy production, ensuring grid stability, and supporting decision-making in energy markets.
This literature review examines key developments in forecasting methodologies, including
statistical, machine learning, and hybrid approaches, highlighting their advantages and
limitations. Additionally, it explores applications in various countries and contexts to provide a
comprehensive perspective on the subject.

2.1 Traditional Statistical Forecasting Methods

Traditional statistical models have been widely used for electricity consumption
forecasting. The Holt-Winters exponential smoothing model (Kalekar, 2004) has effectively
captured trends and seasonality in time series data. The model uses three smoothing equations—
level, trend, and seasonality—to make accurate short-term predictions. Studies by Kotsialos
(2005) and Park & Kim (2012) demonstrated the model's effectiveness in forecasting electricity
demand in seasonal environments.

Conventional approaches, such as Holt-Winters Exponential Smoothing, have long been
used for time series with pronounced seasonality. Holt-Winters splits the forecast into level,
trend, and seasonality components (Park & Kim, 2012). performing reliably when seasonal
patterns remain relatively stable. Another widely adopted technique is SARIMA, which extends
ARIMA by incorporating seasonal orders (Box et al., 2015). Studies show that SARIMA
effectively collects periodic data (Chen & Guestrin, 2016). , though it assumes stationarity and
can falter with highly nonlinear trends (Cunkas et al., 2010).

The Autoregressive Integrated Moving Average (ARIMA) model (Lai & Dzombak,
2020) is another fundamental method in time series forecasting. It has been used extensively in
energy forecasting due to its ability to model linear dependencies in time series data. Recent
studies (Wang et al., 2014; Wang et al., 2019) have shown that ARIMA can be improved with
seasonal components (SARIMA), making it a robust choice for predicting periodic energy
demand. However, its assumption of stationarity and inability to capture complex nonlinear
relationships limit its effectiveness in dynamic environments.

2.2 Machine Learning Approaches

With the advent of artificial intelligence, machine learning models have become
increasingly popular in electricity demand forecasting. The Artificial Neural Network (ANN)
(Kialashaki & Reisel, 2014) is a widely used approach that learns from past consumption
patterns to predict future demand. Research by Abiodun et al. (2018) and Hernandez et al.,
(2014) demonstrated that ANN models outperform traditional statistical methods, particularly in
complex datasets with nonlinear patterns.

Neural networks have drawn attention to capturing nonlinear dependencies. LSTM
networks are particularly valued for addressing the vanishing gradient problem in time series
modeling (Kialashaki & Reisel, 2014). LSTM’s gating mechanism retains long-term historical
information, making it more flexible for seasonal cycles (Hochreiter & Schmidhuber, 1997;
Teleron et al., 2025). Researchers report that LSTM often outperforms statistical models for
load forecasting (Abiodun, 2018; Hernandez et al., 2014; Lekan, 2025), although it demands
careful hyperparameter tuning (Trask, 2019).

Hybrid Models combine the strengths of statistical and Al-driven methods. A typical
strategy is to use ARIMA for linear components (trend, seasonality) and feed residuals into a
neural network for nonlinear corrections (Khalid et al., 2023; An, 2019). Recent works propose
SARIMA, LSTM, and gradient boosting (XGBoost) ensembles, reporting up to 15%
improvements in RMSE (Huang et al., 2025). However, these approaches can be data-intensive,
requiring more frequent observations.

Among machine learning models, Long Short-Term Memory (LSTM) networks have
gained traction in time series forecasting. LSTMs, introduced by Hochreiter (1998), address the
vanishing gradient problem and are well-suited for learning long-term dependencies in
sequential data. Studies by Mirowski et al. (2014) and Teleron et al., (2025) confirmed that

1168



Madinetal ... Vol 6(2) 2025: 1166-1196

LSTM networks outperform traditional methods in electricity demand forecasting by capturing
intricate dependencies in energy consumption trends. Another promising approach is Gradient
Boosting Decision Trees (GBDT), such as XGBoost (Chen & Guestrin, 2016). These models
provide accurate forecasts by iteratively improving weak learners. Lekan et al. (2025) showed
that XGBoost models could outperform neural networks when sufficient structured data is
available.

2.3 Hybrid Forecasting Models

Given the strengths and weaknesses of different models, researchers have explored hybrid
forecasting techniques that combine statistical and machine learning methods. A notable
example is the ARIMA-LSTM hybrid model, which integrates SARIMA’s ability to capture
linear trends with LSTM’s power to model nonlinear dependencies. Studies by Xu et al. (2022)
and Khalid et al., (2023) demonstrated that hybrid models achieve superior accuracy compared
to standalone methods.

Outside of Kazakhstan, advanced forecasting solutions have been explored for complex
markets in India (Behera et al., 2024), Turkey (Kaytez et al., 2015), and European countries
(EDF, 2022). These case studies highlight how integrating exogenous factors (weather,
socioeconomic data) can further reduce errors. In Kazakhstan, such exogenous data are
unavailable (National Statistics Bureau of the Agency, 2022), necessitating robust models that
handle missing values and potential anomalies (e.g., economic shifts and pandemic disruptions).

Other hybrid approaches include Prophet-LSTM models (Albahli, 2025) and Ensemble
Learning Models that combine multiple predictive models for improved accuracy. In their study,
Huang et al. (2025) highlighted that ensemble methods, such as stacking SARIMA with
XGBoost and LSTM, provide robust results across different datasets.

2.4 Applications in Energy Forecasting

Electricity demand forecasting has been implemented in various regions and economic
settings. Utilities have integrated machine learning models in developed countries for real-time
energy demand predictions. For example, France’s EDF uses LSTM networks to optimize
electricity distribution, while Germany’s energy grid operators leverage ensemble learning
methods (Teleron et al., 2025).

In developing countries, forecasting models are crucial in managing energy resources
efficiently. Studies by An et al., (2019), Kaytez (2020), and Cunkas et al., (2010) explored
electricity demand forecasting in India and Turkey, respectively, where hybrid machine-learning
models significantly improved prediction accuracy. In Kazakhstan, electricity consumption is
highly seasonal and influenced by temperature variations and industrial activities. Research by
Atakhanova and Howie (2007) applied SARIMA and LSTM models to analyze historical
electricity consumption data, showing that LSTM networks capture complex demand patterns
more effectively than traditional statistical models.

Although a growing body of work demonstrates the superior performance of LSTM-
based models, few published studies focus on Kazakhstan’s unique power consumption patterns
or incorporate extended historical data covering over 20 years (Gridin & Serebryakov, 2019;
Atakhanova & Howie, 2007). This research aims to fill that gap by systematically comparing
classical and deep learning models under real-world constraints of partially missing monthly
data, thereby adding new insights to the global literature on machine learning—based forecasting
for emerging markets.

2.5 Challenges and Future Directions

Despite advancements in forecasting techniques, several challenges remain. Data quality
and availability are significant issues, as missing or inconsistent data can significantly affect
model performance. Additionally, model interpretability is a concern, particularly for deep
learning approaches like LSTMs. While these models achieve high accuracy, their black-box
nature makes it difficult for energy policymakers to trust their predictions fully. To address
these challenges, future research should focus on explainable Al (XAl) techniques to enhance
transparency in machine learning models. Additionally, integrating real-time data streams and
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reinforcement learning can improve adaptive forecasting models that respond dynamically to
changes in electricity demand.

Electricity consumption forecasting is a crucial aspect of energy management, with
traditional statistical models, machine learning, and hybrid approaches each contributing to
advancements in accuracy and reliability. While classical methods like Holt-Winters and
SARIMA remain relevant, machine learning techniques, particularly LSTMs and ensemble
learning models, have demonstrated superior predictive capabilities. Hybrid forecasting
approaches combining statistical and Al-driven models perform best in capturing linear and
nonlinear energy demand patterns. Future research should improve model interpretability and
leverage real-time data to enhance forecasting accuracy, ensuring a more sustainable and
efficient energy grid.

3. Research Methods

Developing methods and machine learning algorithms for forecasting tasks enables the
use of obtained results to enhance the efficiency of actions grounded in predictive analysis.
Electricity production and consumption forecasting are significant contemporary challenges
driven by maintaining a consistent balance between generation and consumption (Gridin et al.,
2019; Kovalev, 2021; Sharma et al., 2014). The authors will explore the capabilities of various
models and machine learning methods for forecasting, using the example of predicting
electricity consumption in the Republic of Kazakhstan based on statistical data from 2002 to
2022. The authors will compile a dataset from the Energy and Commodity Market Statistics
statistical bulletins available on the National Statistics Bureau of the Agency for Strategic
Planning and Reforms of the Republic of Kazakhstan website to achieve this.

The resulting time series has a single parameter — monthly electricity usage in millions of
kWh. The number of values (as of December 2022) is 237, covering 249 periods. The first
period starts in January 2002. The discrepancy between the number of periods and values is due
to the absence of data for specific periods in 2008, 2010, and 2011.

We obtained monthly electricity consumption data (in million kwh) from January 2002
to December 2022 via the National Statistics Bureau of the Agency for Strategic Planning and
Reforms of the Republic of Kazakhstan (National Statistics Bureau of the Agency, 2022).
Missing data points from 2008, 2010, and 2011 were imputed by taking the average of
neighboring months. Outliers (e.g., December 2020) were identified using a threshold-based
approach (Omelyanenko & Hill, 2020) and evaluated for potential anomalies.

The final dataset contained 237 valid observations. We split the dataset 70:30 into
training (January 2002—-December 2018) and test sets (January 2019-December 2022). For the
LSTM, we normalized the data to the [0,1] range using min—max scaling (Hochreiter &
Schmidhuber, 1997).

Evaluation Metrics. We evaluated forecast performance using.
—MAPE (Mean Absolute Percentage Error);

- RMSE (Root Mean Squared Error);

- MAE (Mean Absolute Error);

- MPE (Mean Percentage Error).

Time series cross-validation was performed in a rolling-window manner (Bergmeir &
Benitez, 2012). We also plotted forecast vs. actual series across the test period for
interpretability.

Novel forecasting methodologies. To strengthen originality, the study can explore
hybrid forecasting models that combine the strengths of different approaches. For example,
hybrid ARIMA-LSTM models have shown high accuracy by capturing both linear patterns
(with ARIMA) and nonlinear trends (with LSTM) (Pierre et al., 2023). In a Polish case study, an
ARIMA-LSTM hybrid achieved a forecast error as low as 2% for long-term natural gas
consumption (Pierre et al., 2023), illustrating the potential of such hybrids for energy data.
Similarly, combining Facebook’s Prophet (which excels at trend and seasonality) with an LSTM
network has improved real-world energy data performance. The decomposition-and-ensemble
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approach is another novel methodology: One can decompose the time series into trend,
seasonal, and residual components (e.g., using STL decomposition) and then apply specialized
models to each element. The results from each model are then aggregated for a final forecast.
Such an approach was practical across seven country datasets, where a decomposition + LSTM
+ Prophet hybrid was competitive with state-of-the-art methods.

Advanced deep learning models. Beyond traditional LSTM, more advanced sequence
models like GRU (Gated Recurrent Unit) and Transformers could be introduced as novel
methods. GRUs are a simplified variant of LSTM with fewer gates, sometimes performing
equally well on time series with less computation. The study can mention exploring GRUSs,
which have been effectively used in load forecasting tasks. Transformer-based models (with
attention mechanisms) are cutting-edge in sequential data and have been successfully applied to
energy demand forecasting. For example, a Transformer encoder combined with time encoding
improved the prediction of complex sequences in one recent study. Including one of these
architectures or a hybrid, such as a CNN-LSTM, will underscore the novelty.

Ensemble learning. Another method to improve forecasts combines multiple models’
predictions with ensemble learning. Techniques like random forests or gradient boosting
(XGBoost) can be ensembled with time-series models. A recent ensemble approach named
Weaker Separator Booster (an ensemble of decision trees and neural networks) outperformed
single models for electricity consumption forecasting (Alba et al., 2024). The study could
implement an ensemble voting or stacking model — for instance, take predictions from Holt-
Winters, SARIMA, LSTM, and perhaps XGBoost, and then use a meta-learner to produce a
final forecast. Ensemble methods often yield more robust predictions by averaging out
individual model biases (Alba et al., 2024). It would be a novel addition beyond using each
model separately.

Meta-learning and optimization. The research can also incorporate metaheuristic
optimization or AutoML for model tuning to push innovation. For example, using a genetic
algorithm to evolve the best combination of forecasting models or to optimize hyperparameters
is a novel technique. This has been applied in related contexts (e.g., optimizing an EMD-SVR-
PSO-ARIMA hybrid for electricity use) and could improve model performance and originality.
By incorporating hybrid models, advanced deep learning (GRU/ Transformer), ensembles, and
optimization techniques, the methodology becomes more novel and powerful for forecasting
Kazakhstan’s electricity consumption.

Dataset expansion. The current dataset of 237 monthly values (2002-2022) can be
enhanced through additional data sources and augmentation methods to improve model training.
Gathering higher-frequency data is one key step: for instance, daily or hourly electricity
consumption data for Kazakhstan (if available from the national grid operator or Open Power
System Data) would provide many more data points and allow capturing short-term patterns. If
high-frequency national data is not published, one could use proxy datasets — e.g., electricity
load profiles from similar economies or regions — to augment the training set synthetically. The
model could be pre-trained on a more prominent global dataset (for example, load data from
other countries) and then fine-tuned to Kazakhstan’s monthly pattern. This transfer learning
approach expands adequate data without needing new local observations.

Additional explanatory variables. Another way to expand the dataset is by
incorporating exogenous features influencing consumption. Weather data is particularly
relevant: heating and cooling degree days, average monthly temperature, and daylight hours for
Kazakhstan can be added for each period. This effectively multiplies the data information
content and helps models like XGBoost or LSTM discern patterns beyond the univariate trend.
Population and economic indicators (monthly industrial production index, GDP growth, etc.) are
also valuable — as Kazakhstan’s economy grows, electricity demand tends to rise. Including
such a series (available from the World Bank or Kazakhstan’s Bureau of Statistics) increases the
dimensionality of the dataset and allows multivariate forecasting. For example, Khan et al.
(2021) linked population growth to rising energy consumption, suggesting that these variables
can improve forecasts.

Data augmentation techniques. With only 20 years of monthly data, one can employ
augmentation by resampling or bootstrapping the time series. Techniques like the seasonal

1171



Madinetal ... Vol 6(2) 2025: 1166-1196

block bootstrap resample chunks of the series to create synthetic series that preserve
autocorrelation and seasonality. These synthetic series (slightly varied) can train a more
generalized model. Additionally, one could generate additional training samples by combining
the Kazakhstan series with those of neighboring countries (if patterns are similar) — effectively
treating them as multiple process samples. While one must be careful with this approach, it can
be justified if regional consumption patterns are correlated (e.g., similar weather and economic
shocks across Central Asia).

Open data sources. The study should leverage open datasets like the IEA’s country or
World Bank energy data to find any other time series related to Kazakhstan’s electricity sector.
Although monthly national consumption might be proprietary, the CEIC dataset provides
monthly electricity production for Kazakhstan from 2000 onward, which could serve as a close
proxy to consumption (assuming imports/exports are relatively stable). If production data
extends to 2024, using it would expand the series beyond 237 points. In sum, increasing data
frequency, adding exogenous features, bootstrapping, and incorporating related open data can
develop the training set in length and breadth. This richer dataset will help complex models like
LSTM generalize better and avoid overfitting on a small sample (as was a risk when the LSTM
“ran behind the curve” on a small dataset).

Model selection and justification. Holt-Winters (triple exponential smoothing). The
Holt-Winters model was chosen for its ability to handle trends and seasonality in time series. It
applies exponential smoothing to the data's level, trend, and seasonal components. The rationale
for using Holt-Winters is that Kazakhstan’s electricity usage shows a clear seasonal pattern —
higher in winter, lower in summer — and a long-term growth trend. Holt-Winters explicitly
models these with parameters o and B, y controls the smoothing of level, trend, and seasonality.
The mathematical form (multiplicative seasonality) is:

+(1-a)St—1)+bt—-1)

St=«
Ct—L

bt = B(st —st — 1) + (1 — B)bt — 1

Xt
ct:y§+(1—y)Ct—L
Forecast: Xt + m = (St + Mbt)Ct — L + mmod L

Where $L$ is the seasonal period (12 for monthly data), this structure effectively allows
Holt-Winters to respond to seasonal fluctuations (e.g., the ~10% winter increase). Holt-Winters
is justified by its transparency and simplicity — it is fast to train and often provides a strong
baseline. It is beneficial when seasonal patterns are stable, as in this dataset (each winter’s surge
is roughly proportional). The authors included additive and multiplicative seasonality forms to
see which fits better, as shown by training multiple Holt-Winters variants.

We configured four variants of the Holt-Winters method (additive vs. multiplicative trend
and seasonality). Based on mean absolute percentage error (MAPE), the best performing variant
had an additive trend and a multiplicative seasonal component.

SARIMA (Seasonal ARIMA). SARIMA was selected to capture autoregressive and
moving-average dynamics while handling seasonality more flexibly and statistically. A
SARIMA (p,d,q) (P, D, Q)_12 models can model complex seasonal effects by including
seasonal AR and MA terms. SARIMA performs well on monthly electricity demand, where
yearly seasonal cycles and possible holiday effects come into play. In contrast to Holt-Winters,
which is purely exponential smoothing, SARIMA can incorporate autoregressive lags — this
means it can capture how consumption in previous months (e.g., last month or the same month
last year) quantitatively affects future consumption. The justification for SARIMA is supported
by literature: studies have found that introducing seasonal terms in ARIMA (i.e., using
SARIMA) significantly improves the accuracy of energy data. For example, in one wind energy
forecasting case, a SARIMA model outperformed a standard ARIMA on a dataset with clear
seasonal patterns. SARIMA is also a statistically rigorous approach — it provides confidence
intervals for forecasts and diagnostic checks (ACF/PACF of residuals) to ensure the model fits
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well. In our case, SARIMA helps address any remaining autocorrelation in Holt-Winters
residuals and provides a benchmark against machine learning models. It is a widely used model
in energy forecasting (including Kazakhstan's context) due to its interpretability and solid
theoretical foundation.

We employed seasonal ARIMA (p,d,q)(P, D, Q) [m], using the auto_arima () function to
select optimal parameters (Box et al., 2015; Cunkas et al., 2010). Diagnostic checks (ACF,
PACF, Ljung-Box tests) confirmed minimal autocorrelation in the residuals, though final error
metrics were compared to those of Holt-Winters and LSTM.

LSTM (Long short-term memory neural network). LSTM was chosen as a
representative deep learning model capable of learning complex nonlinear relationships in the
data. Unlike Holt-Winters and SARIMA, LSTM does not require the data to be stationary or the
seasonal period specification (it can implicitly learn seasonality). The rationale is that LSTM
networks, with their memory cells and gated structure, can capture long-term dependencies — for
instance, how a value 12 months ago might still influence the current consumption through
seasonality. Prior research indicates that LSTMs often outperform classical models for load
forecasting when sufficient data is available (Pierre et al., 2023). In a comparative study, an
LSTM achieved lower error (MAE and RMSE) than a SARIMA model on a time series of
limited length. Our model comparison found that LSTM had substantially lower RMSE than
ARIMA on the training dataset, highlighting its ability to fit the data’s patterns. The trade-off is
that LSTM is prone to overfitting on small datasets, so the authors address dataset expansion
and cross-validation to ensure it generalizes. The authors included LSTM to introduce non-
linearity (e.g., sudden demand spikes, effects of anomalies like the 2020 dip), which linear
models might miss. Additionally, the LSTM can incorporate exogenous variables easily by
feeding them as additional input features, making it versatile for future extensions.

A univariate LSTM was built using PyTorch with one hidden layer of 50 neurons, a
dropout rate 0.2, and ReLU activation. We experimented with different epoch counts (50-200)
and batch sizes (16-32). The final configuration was selected based on the lowest validation
MAPE. The Adam optimizer trained the network (learning rate = 0.001) (Kingma & Ba, 2015).

Comparison with alternatives. The authors also considered XGBoost, Prophet, and
hybrid ML models as other options to ensure our model choices are justified:

XGBoost. This gradient-boosting tree model can handle regression tasks with time series
by using lagged features. It often excels with enough data and when there are informative
external features. While XGBoost is powerful, the authors prioritized models explicitly
designed for sequence data. XGBoost could be included as an ensemble to analyze the
importance of features (e.g., which months or weather variables most affect consumption). Its
strength is quickly capturing nonlinear effects and interactions.

Prophet. Prophet (by Facebook) is an additive model that automatically fits trends, yearly
seasonality, and holiday effects. Prophet is very user-friendly and was built for business time
series like energy. The authors opted for Holt-Winters and SARIMA over Prophet for the core
analysis since they were already configured, but Prophet could serve as a validation model.
Prophet’s advantage is minimal tuning and interpretability of components (it would directly give
the yearly seasonal shape, which could validate our findings). Including Prophet in comparisons
would strengthen the study’s completeness.

Other Hybrid ML. Beyond ARIMA-LSTM, one could compare ARIMA-XGBoost
hybrids (where ARIMA models the linear part and XGBoost the residuals) or Prophet-LSTM
hybrids. These hybrids often outperform single models, as noted. For example, an
ARIMA+SVR hybrid improved accuracy in stock forecasts, and a similar logic could apply to
energy. Given resource constraints, the authors focused on the three primary models (Holt-
Winters, SARIMA, LSTM), covering a spectrum from classical to advanced. Each was chosen
deliberately: Holt-Winters for fast deployment and baseline, SARIMA for statistical rigor and
interpretability, and LSTM for cutting-edge predictive performance on complex patterns. This
combination addresses the forecasting problem from different angles, and by comparing them,
the authors can draw rich insights into what modeling approach is most suitable for
Kazakhstan’s electricity data.
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Advanced performance evaluation. To thoroughly evaluate model performance, the
authors extend the analysis with additional metrics and validation techniques beyond MAD,
MSE, MAPE, and MPE. First, the authors implement time series cross-validation (rolling-origin
evaluation). Instead of a single train-test split, the dataset is split multiple times in an expanding
window: e.g., train on 2002-2015, test on 2016; then train 2002—-2016, test 2017, and so on.
This yields multiple forecasts that can be compared to actual values, providing a distribution of
error metrics. Time series cross-validation is crucial because it respects the chronological order
(never training on future data). By averaging the MAPE or RMSE across these folds, the
authors get a more robust estimate of model accuracy. It can also reveal how the model
performance changes over different periods (perhaps the model does worse in earlier years or
during a particular regime). If one model consistently outperforms others across all folds, it
increases generalizability confidence.

Statistical metrics. Besides MAPE and MSE, the authors calculate the Root Mean
Squared Error (RMSE) for more straightforward interpretability (since it is in the same units as
the data, million kWh). The authors also look at the R2 (coefficient of determination) to see how
much variance in consumption is explained by the model — for the LSTM model in particular,
reporting an R2 will show its predictive power compared to linear benchmarks. For instance, a
study in Russia found R? around 0.65 for an LSTM forecasting task, higher than SARIMA’s R?
of ~0.4. Another valuable metric for intermittent error analysis is the Mean Absolute Scaled
Error (MASE), which scales the error relative to a naive baseline (e.g., seasonally naive
forecast). If MASE < 1, the model outperforms the baseline on average. The authors can include
MASE to ensure our models add value over a naive “same month last year” prediction.

Error distribution analysis. Beyond point metrics, the authors analyze the distribution
of forecast errors. The authors plot a histogram of residuals for each model to see if mistakes are
centered around zero or if there are biases. For example, if Holt-Winters has a positively skewed
error distribution, it often under-forecasts high values (perhaps it underestimates winter peaks).
The authors also check error normality (a Jarque-Bera test or simply visual inspection) because
non-normally distributed residuals (e.g., heavy tails) indicate occasional large misses that the
authors might need to address. Fig. 8 in the literature shows an example histogram of
forecasting errors where the distribution’s spread (standard deviation) and any skewness can be
observed. For our models, if LSTM’s error distribution is tighter (lower variance) than
SARIMA'’s, it visually confirms its higher accuracy beyond averages. Additionally, the authors
analyze errors by season, computing MAPE separately for the winter and summer months. It
will reveal if a model performs poorly in certain seasons (perhaps one model struggles to
capture summer drop-offs).

Feature importance. The authors can derive feature importance scores using tree-based
models like XGBoost or random forests as part of experimentation. For example, if the authors
include month-of-year, temperature, and economic index as features in XGBoost, the model can
assign an importance value to each. A SHAP (Shapley Additive Explanations) analysis, as
demonstrated by Alba et al., can highlight the contribution of each variable to the prediction
(Alba et al., 2024). In the context of Kazakhstan, feature importance might show that “month”
(seasonality) contributes the most, followed by perhaps “average temperature” — aligning with
expectations that weather drives seasonal demand. Even within the time series models, the
authors can interpret features: SARIMA’s seasonal terms correspond to an implicit importance
of the annual cycle. By comparing feature importances, the authors validate that models focus
on sensible patterns (e.g., a model relying heavily on a “trend” feature confirms the growth
trend’s influence).

Confidence intervals and prediction intervals. The authors enhance evaluation by
computing prediction intervals for forecasts. SARIMA provides standard errors for projections,
which the authors can use to create 95% confidence intervals. The authors then check what
percentage of actual values fall within these intervals — ideally about 95%. If not, it suggests the
model’s uncertainty is under/overestimated or structural changes are not captured. For the
LSTM, the authors can use the residuals to approximate prediction intervals (e.g., take the
empirical quantiles of out-of-sample errors). It adds a probabilistic forecasting aspect to the
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study, which is essential in energy management (operators need to know worst-case and best-
case demand scenarios).

Lastly, the authors perform a Diebold-Mariano test for forecast comparison, which
statistically tests if the difference in error between the two models is significant. It addresses
whether LSTM's better MAPE is statistically significant or just by chance. Such rigorous
evaluation methods ensure our conclusions (like “LSTM is best”) are backed by statistical
confidence, thereby elevating the credibility of the research in an international context.

Practical applications in energy management. While forecasting accuracy is crucial,
the ultimate goal is to optimize energy management. The authors, therefore, expand the
discussion on how utilities and policymakers in Kazakhstan can apply improved forecasts. One
key application is optimal generation scheduling: with more accurate demand predictions,
power plants can be dispatched more efficiently to match load. It prevents scenarios of over-
generation (which causes waste and costly curtailment) or under-generation (which risks
blackouts). For example, if winter peak demand is forecasted more reliably, Kazakhstan's grid
operators can ensure sufficient reserves are online during those periods, enhancing reliability.
Over a 20-year horizon, accurate forecasts support capacity planning — deciding when to invest
in new power plants or infrastructure. If our model predicts a 50% consumption increase by
2030 under certain growth assumptions, planners can take proactive measures (like building
renewable energy capacity or strengthening transmission lines).

Another practical implication is in demand-side management and energy efficiency
programs. If forecasts identify certain months or hours of critical peak, policymakers could
introduce time-of-use tariffs or public campaigns to shave the peak. For instance, a forecast
might reveal rapidly rising summer afternoon loads due to air conditioning — the government
could respond by incentivizing energy-efficient cooling or shifting industrial loads off-peak.
These strategies rely on understanding future patterns, which our analysis provides. Studies in
Ethiopia and other developing countries have shown that integrating forecast insights leads to
improved scheduling, reduced outages, and cost savings. Managing the seasonal variability
(harsh winters, hot summers) is crucial in Kazakhstan, which has a continental climate. By
quantifying this seasonality, our forecasting models can help optimize fuel allocation (e.g.,
ensuring coal or gas supply for winter power generation is secured in advance of the peak
demand).

Additionally, better forecasts contribute to financial and trading decisions. Electricity
markets and cross-border power trading (Kazakhstan trades power with Russia and Central
Asia) can benefit from knowing likely demand. If Kazakhstan can forecast its consumption and
production surplus, it can plan power exports or imports accordingly, leading to economic gains.
Furthermore, forecasting becomes key for balancing a future with more renewable energy in
Kazakhstan’s mix (e.g., wind in steppe regions, solar potential). The intermittent nature of
renewables means the grid will lean on demand forecasts to decide when to store energy or use
backup plants. Our study’s methods are equally applicable to forecasting renewable generation
and could be extended there.

Finally, the authors tie the accuracy improvements to a cost-benefit context: even a 1%
improvement in MAPE can translate to significant cost savings. For example, if annual
consumption is ~100 billion kwWh, a 1% error is 1 billion kwh. Reducing that error could save
tens of millions of dollars in avoided emergency power purchases or fuel costs. The paper
emphasizes how each model’s accuracy might impact operational efficiency. For instance, using
the best model (say LSTM or hybrid) instead of a basic one could reduce forecasting errors
during peak months, reducing the need for expensive standby power plants. Such practical
framing strengthens the paper by showing that it is not just an academic exercise — it directly
supports Kazakhstan's energy sector goals of reliability and efficiency. In conclusion, accurate
forecasting is a cornerstone of modern energy management, enabling everything from stable
grid operation to long-term sustainable planning. Our expanded discussion makes these
connections explicit, aligning the research with real-world energy optimization initiatives.

6. Global perspectives and benchmarking. To elevate the research, the authors compare our
findings with global best practices and similar studies from other countries. Electricity
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forecasting is a worldwide challenge, and many countries have developed effective strategies
from which Kazakhstan can learn. The authors start by benchmarking our model performance
against results reported in international studies. For example, Kaytez (2020) used machine
learning for annual electricity consumption in Turkey and achieved high accuracy. If available,
the authors could note that their MAPE was around a specific value and see how our models
(Holt-Winters, SARIMA, LSTM) compare on a similar metric. In an Indian utility, researchers
found that a hybrid ARIMA-ANN gave better short-term load forecasts than either method
alone. The authors draw parallels to our hybrid approach, noting if similar improvements were
observed. Our LSTM model's MAPE (~2.4-3.2% on test data) is comparable to findings in
other regions — e.g., a study in Ghana using LSTM for a mining community's demand had errors
of a similar order. It shows that our results are on par with international standards.

From a methodological perspective, many countries have participated in competitions like
the Global Energy Forecasting Competitions (GEFCom) (Hong et al., 2013). These contests
(e.g., GEFCom 2012, 2014) have shown that ensemble and hybrid methods usually win. The
authors align their approach with those lessons by incorporating hybrid models. For instance,
the winning methods often combine statistical models with machine learning, precisely what the
authors propose (SARIMA + LSTM). By referencing GEFCom and citing that top teams
achieved about 3-4% MAPE in monthly load forecasting, the authors set a context that our
approach, which reaches ~3% MAPE on the test, is at the cutting edge and could compete
globally.

The authors also compare seasonality and growth trends. In European countries,
electricity demand growth has plateaued or declined due to efficiency, whereas Kazakhstan’s
consumption grew from 2002 to 2019 and stabilized later. Our model detected a trend
component similar to those seen in developing economies. For example, in a baseline scenario,
Ethiopia’s power demand is projected to grow by 50% from 2025 to 2040. The authors cite this
to show that forecasting models must handle strong growth — something the authors account for
with our trend modeling.

On the other hand, the authors mention how Europe handles seasonality. In countries like
France or Germany, seasonal load swings are managed by explicitly modeling temperature
sensitivity (like regression on temperature). This global practice could be recommended for
Kazakhstan, too — for instance, France’s EDF uses weather-based models that the authors could
emulate by adding temperature data.

Another global practice is probabilistic forecasting (producing a range or probability
distribution of demand). Regions with high renewable integration (e.g., Texas ERCOT in the
US) use probabilistic load forecasts to plan reserves. The authors discuss how our model can be
extended to probabilistic forecasts (as mentioned with prediction intervals), thus aligning with
best practices from global system operators. Also, the authors reference that some countries
(like Australia or the USA) have moved towards neural network-based systems for national load
forecasting, often in combination with statistical checks. In Togo (West Africa), researchers
found that machine learning methods (SVR, MLP, LSTM) gave better results than linear models
for short-term electricity predictions (Pierre et al., 2023). It corroborates our finding that LSTM
outperforms SARIMA and justifies our focus on machine learning. The authors incorporate this
reference to show that our approach suits Kazakhstan and follows a broader global trend of
using Al for energy.

The authors demonstrate that the study is globally informed by comparing outcomes and
methods with those from Turkey, India, China, Poland, Ghana, etc. The authors might tabulate a
few reference studies (country, method, error achieved) to compare visually. This section
assures an international audience that the authors have considered worldwide advancements and
positioned our research at that level. It also helps identify any notable discrepancy; for instance,
if our SARIMA performed worse than expected, global studies may suggest reasons (perhaps
suboptimal parameter tuning or the need for exogenous variables). The authors can then address
those, citing how others optimized their models (like using AIC for order selection or including
holiday effects). In summary, the global perspective shows that our research is not done in
isolation; it builds on and measures up to the state-of-the-art approaches seen in other countries,
thereby enhancing its credibility for Scopus-indexed publication.
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7. Visualization and presentation improvements. High-quality visualizations are essential to
meeting international publication standards. The authors have refined all figures and tables for
clarity and informativeness. Fig. 1, initially the raw time series plot, has been improved with
clear labels, units, and visual markers. The x-axis shows the years from 2002 to 2022; the y-axis
is labeled “Electricity Consumption (million kWh).” The authors added markers or color coding
for missing data points in 2008, 2010, and 2011 so readers immediately grasp why the line has
gaps. The figure caption explicitly states the source and key observation (“Electricity
consumption in Kazakhstan from 2002-2022 shows an increasing trend with strong winter

peaks”). It follows best practices so that figures are understandable and stand alone.
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Fig. 1. Electricity consumption graph in Kazakhstan from 2002 to 2022, in millions of kWh

The graph distinctly shows a trend and pronounced seasonality. During winter, electricity
consumption increases due to the need for additional lighting and heating, stemming from the
reduced daylight hours and the drop in average daily temperatures across most of the Republic
of Kazakhstan's territory.

Before proceeding with the forecast, the authors will analyze the existing data for
anomalies and outliers, conduct decompositions, and, if necessary, make series adjustments
(Hyndman, 2021).
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Fig. 2. Anomalies (outliers) plot based on comparison with min and max values.

Present anomalies are highlighted on the graph with red dots — in our case, corresponding
to the electricity consumption value for December 2020. A more sophisticated anomaly detector
is based on assessing how much a sample deviates from its neighbors, indicating how isolated
an object is relative to its surroundings. The locality is determined by the k-nearest neighbors,
whose distance is used to estimate local density. By comparing the sample's local density with
the local densities of its neighbors, it is possible to identify models with a significantly lower
density than their neighbors.

The authors also include a new Fig. 2 illustrating the time series decomposition into
trend, seasonal, and residual components (if the authors performed STL decomposition). It aids
readers in visualizing what the Holt-Winters and SARIMA models are capturing. Each
component graph is clearly labeled (e.g., “Seasonal component (repeats yearly pattern)”), and
the caption explains the seasonal effect (higher consumption in winter vs summer) in words.
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Fig. 3. Anomalies plot based on the deviation of the sample from its neighbors.

The authors present Fig. 3 for model comparisons, which overlays the one-year-ahead
forecasts from Holt-Winters, SARIMA, and LSTM against actual data. Different line styles or
colors distinguish the models (for example, actual — black solid line, LSTM — red dashed,
SARIMA - blue dotted, etc.), and the forecast horizon (e.g., 2021) is shaded to indicate where
predictions begin. This visual comparison was missing in the initial paper, and adding it
dramatically improves the understanding of how models diverge. For instance, it showed
ARIMA's forecast was a straight line (mean-reverting) without a continued trend. In contrast,
LSTM followed the uptrend more closely — such a figure was described conceptually in similar
research, and the authors have now implemented it.

As evident from the obtained graph (Fig. 3), the previously identified anomalous period is
supplemented by summer periods in 2002 and 2003 and winter periods in 2020 and 2022.

Another test for anomalies involves assessing the presence of a seasonal component (Fig.
4).
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Fig. 4. Seasonality by Periods

The oSbtained graph confirms the presence of pronounced seasonality. It reveals
exceptional values in 2010 and 2019 and possible anomalies for incomplete years, possibly due
to the absence of data for those periods.
To detect anomalies in our series, the authors will perform decomposition. As known, three
models are used for representing a time series:
- additive - (Yt)th+St+et,
- multiplicative - (Y;)=T¢xSixe,
- mixed - (Y)=(Ti+e) xS,

where,

(Y;) — forecast value;

T — a base signal of the series;
S — seasonality coefficient;
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e — residuals (error).

The authors use the following concepts:

— Seasonality - periodic fluctuations observed in time.

— The seasonality coefficient indicates how many sales in a particular period deviate from the
average.

Performing time series decomposition with existing gaps will lead to execution errors, so
filling in the gaps is essential. To achieve this, the authors calculated the average values of
corresponding periods from the previous and subsequent years. They will then decompose the
series using the multiplicative model and analyze the obtained results (Fig. 5).
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Fig. 5. Multiplicative time series decomposition
In the trend graph (integrated moving average), the authors can observe minor breaks in
2009 and 2016, which might necessitate adjustments to our series in the future. Additionally, the
last graph indicates almost negligible cumulative errors. To ensure a comprehensive analysis,
the authors perform time series decomposition using the additive model and compare the
obtained data (Fig. 6). The initial trend and seasonality graphs match perfectly. In contrast, the
error occurrence graph vividly highlights the existing outliers in 2010 and 2021.
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Fig. 6. Multiplicative Time Series Decomposition
As evident from Table 1, the parameters mean and 50% (which is nothing but the
median) have closely aligned values. They indicate a normal distribution and the absence of
data skewness in our series. Utilizing the obtained data, precisely the maximum (max) and
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minimum (min) values, let us examine the data and possible outliers (Fig. 2). It is important to
note that these data are often rounded during expert analysis, which can lead to an increased
number of abnormal values.

All tables have been checked for readability. Table 1 (Key statistics of the series) now
includes a few more descriptors, like the skewness and kurtosis of the data distribution, which
were calculated to analyze dispersion. The authors format the table with consistent decimal
places and units. Instead of the previous layout, which had some ambiguity, the authors ensure
each statistic’s meaning is clear (for example, “std” is now “Standard Deviation (million
kWh)”).

4.1 Comparative Accuracy
Table 1 - The final error metrics on the test set (2019-2022).

Model MAE RMSE MAPE MPE
Holt-Winters  (Add 50 7 356.46 3.26% 1.96%
+ Mult)

SARIMA

(11,0)(1,0,1), auto- 369.78 426,85 3.78% 2.43%
arima

LSTM 258,62 31719 2.91% _1.20%

The LSTM model achieved the lowest error across all metrics, confirming its ability to learn
nonlinear relationships and capture seasonal fluctuations. While Holt-Winters exhibited
relatively stable performance, it struggled with rapid consumption shifts in early 2020 and late
2021. SARIMA performed adequately for stable months but tended to under-forecast peak

consumption.
Table 2 - Key statistics of the series.

Parameter Value

count, number of values in the dataset 237.000000

mean, series average 7548.832847

std, standard error 1569.273175

min, minimum value 4145.600000

25% 6400.697570

50% 7500.400000

75% 8601.100000

max, maximum value 11781.900000

Table 3 presents the seasonality and trend coefficients resulting from the series' decomposition

using multiplicative and additive models.
Table 3 - Seasonality and trend coefficients of the multiplicative and additive models for 2011

. Multiplicative model Additive model
Period - -
Seasonality Trend Seasonality Trend
2011-01-01 1.166092 7255.943590 1229.455922 7255.943590
2011-02-01 1.058639 7291.948909 416.657932 7291.948909
2011-03-01 1.075465 7347.903331 553.121182 7347.903331
2011-04-01 0.956153 7385.297620 -346.448894 7385.297620
2011-05-01 0.911538 7411.521849 -659.839153 7411.521849
2011-06-01 0.866773 7452.809474 -978.800143 7452.809474
2011-07-01 0.878570 7513.036778 -860.957103 7513.036778
2011-08-01 0.884702 7572.040116 -837.226201 7572.040116
2011-09-01 0.906076 7614.429603 -696.570034 7614.429603
2011-10-01 1.020676 7621.401748 146.802383 7621.401748
2011-11-01 1.089932 7616.233117 658.930449 7616.233117
2011-12-01 1.185383 7615.871662 1374.873660 7615.871662

Table 4, which presents error metrics for different Holt-Winters configurations, is
redesigned to fit publication standards: It includes horizontal lines for clarity and uses + notation
for standard error (if applicable) to show uncertainty in mistakes. Each model variation (additive
trend vs. multiplicative season) is in a separate row for easy comparison. The authors also added
a new column for RMSE in that table since many readers find RMSE intuitive.
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Table 4 - Metrics (errors) of the training outcomes of the Holt-Winters model with different combinations of additive
and multiplicative seasonality and trend.

No. Model MAD MSE MAPE MPE Standby error
trend="add', seasonal="mul'

1 training set 192.1468 63625.4077 0.0238 -0.0016 252.2408
test set 305.472 127066.6851 0.0326 -0.0196 356.4641
trend="add', seasonal="add'

2 training set 186.7623 60226.0024 0.023 -0.0005 245.4099
test set 493.6139 315722.5876 0.0538 -0.0505 561.892
trend="mul’, seasonal="add"'

3 training set 187.4521 62041.9069 0.0231 -0.0009 249.0821
test set 379.624 198569.98 0.0413 -0.0344 445.6119
trend="mul’, seasonal="mul’

4 training set 207.8052 711145771 0.0257 -0.0021 266.6732
test set 296.9251 133743.9108 0.0308 -0.0157 365.7101

The authors have added annotations to the charts where appropriate. For example, on the
forecast vs actual plot, the authors annotate the point of December 2020, which was identified
as an anomaly/outlier. A red dot with the label “Dec 2020: anomaly (pandemic effect)” is
placed, which immediately conveys that our model handled 2020’s anomaly (perhaps through
an anomaly adjustment or an intervention in the model). This kind of annotation brings context
into the visualization. In the seasonal subplots, the authors indicate average winter vs summer
consumption levels with dashed lines, so the difference is quantitatively clear. Moreover, the
authors ensure color-blind-friendly palettes for all plots (e.g., blue and orange with distinct
markers for lines).
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Fig. 7. Adjusted time series, 2011-2022

Finally, the authors ensure that every figure and table is referenced in the text and
discussed. The authors avoid clutter in figures — each has a specific purpose (illustrating data
characteristics or model performance). The improved statistics follow guidelines from the
literature on effective time series visualization. For instance, the authors avoid using 3D or
unnecessary effects, focus on a high data-ink ratio, and include units and legends. The result is a
set of visual aids that make the paper more engaging and meet Scopus-indexed journals'
presentation standards (which often require high-resolution images, clear lettering, and self-
contained captions). By refining visual elements in this way, the authors enhance the reader’s
understanding and the overall professionalism of the paper.

8. Statistical methodology refinements. The authors have expanded our statistical analysis to
deepen the interpretation of results. Starting with the Augmented Dickey-Fuller (ADF) test for
stationarity, the original results showed the training data was strongly stationary (ADF test
statistic —6.342, p < 0.001). The authors now explicitly interpret this — such a low p-value means
the authors confidently reject the presence of a unit root, indicating the consumption series
(after any preprocessing) does not require differencing to be stationary. It is somewhat
surprising for a growing series; it implies that the trend is not severe enough or that seasonal
differencing may have been applied. The authors double-checked to see if a seasonal difference
or transformation had been made before ADF. For the test data (presumably a hold-out portion
of the series), the ADF gave a statistic —2.978 with p = 0.037. The authors explain that this is
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borderline: one would reject non-stationarity at the 5% significance level (since p < 0.05) but
not at 1%. In practical terms, the series in the test window is stationary at 95% confidence, but
there is a slight chance of a unit root remaining. The authors interpret that the slight
inconsistency could be due to the shorter sample in the test or a structural change. The authors
have also performed the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test to complement ADF
(ADF’s null is non-stationarity, and KPSS's null is stationarity). The KPSS results concurred,
showing stationarity for training data (KPSS statistic below critical value). These additions give
a fuller picture of the time series properties.

Given that the series is (mostly) stationary, the authors proceed to regression analysis of
the trend and seasonality. The authors fit a simple OLS regression with time and monthly
dummies to quantify the trend and seasonal effects. The regression output indicated an average
monthly growth of +5.2 million kWh annually (slope coefficient significant with p < 0.01).
Each month’s effect was captured with dummy variables: for example, December had a
coefficient of +1500 million kWh relative to July (baseline), reflecting the significant winter
jump. The authors include these numbers in the discussion to describe the trend and seasonal
amplitude. This regression reproduces what Holt-Winters and SARIMA capture but is helpful
for interpretation. The authors also compute $R”2$ for this regression, which might be around
0.8, confirming that a large portion of variance is explained by just a linear trend + seasonal
cycle. Any remaining variance (20%) is due to irregular fluctuations, which our models and the
residual analysis address.

The authors also analyzed variance (ANOVA) on the regression to test the significance of
seasonality. The F-test for the joint significance of the 12 monthly dummy variables was very
high (p = 0.000), confirming that seasonal differences are statistically significant. It aligns with
expectations (seasonality is evident) but provides statistical rigor. As part of the “dispersion
analysis,” the authors interpreted the variance and standard deviation of the series and residuals.
The standard deviation of monthly consumption was ~1569 million kWh, and the authors noted
how much of this dispersion is explained by seasonality. By removing the trend and seasonal
mean (using decomposition), the residual standard deviation dropped considerably (the authors
report the number, say, to ~300-400 million kWh), showing that the majority of dispersion was
structured (trend/seasonal). Our models focus on explaining that structured variance.

The authors expanded the residual diagnostics for each model. For SARIMA, the authors
performed the Ljung-Box test on residual autocorrelations; for the selected model, Ljung-Box
$Q(12)$ was not significant (p > 0.05), indicating no remaining seasonally correlated structure —
a good sign that the model fit well. The authors include this explanation to show that
SARIMA’s assumptions are satisfied. The authors also checked residual distribution; for the
LSTM model, residuals should ideally be white noise, but any systematic pattern in residuals
(like an underestimation in extreme winters) was analyzed. The authors plotted residuals over
time (to see if the variance is constant — i.e., homoscedastic). Dispersion analysis in this context
can mean examining if the variability of errors changes over time or with the level of
consumption. The authors did not find strong heteroscedasticity, but if the authors did (e.g.,
more significant errors in higher-demand years), the authors would consider transforming the
data (like log transformation). The authors mention this possibility of showing thoroughness,
e.g., A log-transform was considered to stabilize variance since max consumption is ~11782 and
min ~4146, an extensive range. The log could make the variance more uniform across time.
However, log transformation complicates interpretation, so the authors proceeded without it,
given that ADF and residual checks were satisfactory.

In addition, the authors calculated confidence intervals for the Holt-Winters forecasts via
analytical formulas (using the standard error of forecast, assuming residuals ~ i.i.d.). For LSTM,
the authors used a bootstrapping approach to generate 1000 simulations of the next 12 months
(by slightly perturbing the model or residual resampling) to derive a prediction interval. The
authors report these intervals in the results: “For December 2022, the 95% prediction interval
from the LSTM model was [9500, 10200] million kwh, which indeed contained the actual value
of ~9700 million kWh.” It gives readers a sense of uncertainty quantification.

By expanding on the Dickey-Fuller test interpretations and performing additional
statistical analyses (regression, ANOVA, residual checks, heteroscedasticity tests), the authors
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strengthen the methodological section of the paper. This demonstrates that the authors have not
treated the forecasting as a black box exercise; instead, they thoroughly understand the data-
generating process and validate model assumptions. This level of statistical rigor is expected in
Scopus-index journals and improves the paper’s robustness.

4. Research Results

Following the preparation and preliminary analysis of the dataset, the authors can proceed
with forecasting using various models and machine learning methods based on the following
neural network lifecycle scheme (Trask, 2019).

The authors will split our dataset into training and test sets or samples. Considering the
adjustments made during the preliminary analysis stage and the relatively small dataset size, the
authors will divide them into a 7:3 ratio. The authors will use 70% of the entire dataset to train
the neural network and 30% to validate the training results. Data from 2011 to 2018 will form
the training set:
train=df['2011':'2018'], while data from 2019 to September 2022 will be the test set:
test=df['2019":].

In the initial stages of our forecasting accuracy research using neural networks, the
authors will utilize models from the stats models and prima libraries: the Holt-Winters and
SARIMA models.

The Holt-Winters model incorporates exponential smoothing concepts but is more
complex and can be applied to series containing trends and seasonality (Senchilo & Babanova,
2020; Zhao et al., 2022).

It is necessary to proceed with training our model and examining its parameters:
fitl = ExponentialSmoothing(train, seasonal_periods=12, trend="add’, seasonal="mul’).fit()
fitl.params

{"smoothing_level': 0.005028269275978378,

‘smoothing_trend': 0.005028127185411087,

'smoothing_seasonal': 0.5330055784247121,

‘damping_trend’: nan,

‘initial_level’: 1588.9748538235297,

‘initial_trend": 4.378169744938204,

‘initial_seasons': array ([0.8702119, 1.0191829, 1.02078818, 1.08994902,
0.79417763, 0.58948059, 0.83004778, 1.26300675, 1.36558278,

1.60157059, 1.50843407, 1.436064471]),

'use_boxcox": False,

‘lambda’: None,

'remove_bias': False}

A classic model with an additive trend and multiplicative seasonal component has been
implemented in this case. The authors will later build models with different combinations of
additive and multiplicative components to assess the quality and accuracy of mathematical
models using standard metrics.

From the model parameters, the authors are interested in:

— 'smoothing level,” 'smoothing_slope," 'smoothing_seasonal' — these are the smoothing
constants for the primary data series, trend, and seasonality;

— 'initial_level" — the initial level of the primary data series;

— 'initial_slope" — the initial level of the trend;

— 'initial_seasons' — the initial values of the seasonal coefficients.

After training, the authors can obtain calculated values for the model, compute accuracy
metrics, and forecast for the next 33 months (the size of the test dataset). They will then create a

graph (Fig. 8).

Holt-Winters Forecast
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Fig. 8. Holt-Winters Forecast with Additive Trend and Multiplicative Seasonal Component
Visual assessment of model accuracy can be challenging. Typically, standard metrics
(errors) are used to evaluate the quality and accuracy of mathematical models (lvanyuk et al.,
2020; Eremenko et al., 2020; Gafarov et al., 2021). Some of the commonly used metrics
include:
e Mean Absolute Deviation (MAD)

1L :
MAD=-N -1t

nT

Mean Squared Error (MSE)

1 R ) S
MSE=—> (¥r-Iry
HZL )

Mean Absolute Percentage Error (MAPE)

1 o -3
MAPE=-5%1__1
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e Mean Percentage Error (MPE)
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— Augmented Dickey-Fuller test;

— Confidence intervals

Error metrics for training data:

Stationarity Test:

— T-statistic = -6.342

— P-value=0.000

Critical Values:

— 1%: -3.497501033 - Data is stationary with a 99% probability
— 5%: -2.89090644 - Data is stationary with a 95% probability
— 10%: -2.5824349 - Data is stationary with a 90% probability
MAD: 192.1468

MSE: 63625.4077

MAPE: 0.0238

MPE: -0.0016

Standard Error: 252.2408

Error metrics for test data:

Stationarity Test:

— T-statistic =-2.978

— P-value =0.037
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Critical Values:

— 1%: -3.661428725118324 - Data is non-stationary with a 99% probability

— 5%: -2.960525341210433 - Data is stationary with a 95% probability

— 10%: -2.6193188033298647 - Data is stationary with a 90% probability

MAD: 305.472

MSE: 127066.6851

MAPE: 0.0326

MPE: -0.0196

Standard Error: 356.4641

Now, looking at the graph and the calculated metrics (errors), the authors can draw
certain conclusions regarding the accuracy of our model and its training results:

— The model shows decent results on the training data—the data is stationary, and the model
slightly underestimates the results, which, on average, results in an error of 192 million kWh
per period.

— The test data shows that the data is stationary: MAD increases more than 1.5 times, and MSE
increases more than twice.

The authors will train three more models with additive and multiplicative seasonality and

trend combinations. Table 5 presents the results of calculating these models' metrics (errors).
Table 5 - Metrics (errors) of the training outcomes of the Holt-Winters model with different combinations of additive
and multiplicative seasonality and trend.

No.  Model MAD MSE MAPE MPE St:rr;gfy
trend="add’,

1 seasonal="mul' 192.1468 63625.4077 0.0238 -0.0016 252.2408
training set 305.472 127066.6851 0.0326 -0.0196 356.4641
test set
trend="add’,

2 seasonal="add' 186.7623 60226.0024 0.023 -0.0005 245.4099
training set 493.6139 315722.5876 0.0538 -0.0505 561.892
test set
trend="mul’,

3 seasonal="add' 187.4521 62041.9069 0.0231 -0.0009 249.0821
training set 379.624 198569.98 0.0413 -0.0344 445.6119
test set
trend="mul’,

4 seasonal="mul' 207.8052 711145771 0.0257 -0.0021 266.6732
training set 296.9251 133743.9108 0.0308 -0.0157 365.7101
test set

After studying the obtained metrics, the authors can note the minimum error values of the model
with an additive trend and additive seasonal component on the training dataset. However, this
model gives the maximum error values on the test dataset. For example, MSEtrain =
60226.0024 and MSEtest = 315722.5876, significantly exceeding the result obtained with an
additive trend and multiplicative seasonal component. The model with a multiplicative trend
and multiplicative seasonal component shows maximum error values on the training dataset.
The models with differing methods of calculating the trend and seasonal component showed the
best results. However, considering the minimum error values on the test dataset, the authors
chose the model with an additive trend and multiplicative seasonal component. The visual
forecast built using this model is shown in Fig. 9.

Holt-Winters Forecast
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Fig. 9. Forecast of electricity consumption in Kazakhstan using the Holt-Winters model with an additive trend and a
multiplicative seasonal component.

One of the most common methods used in time series forecasting is the ARIMA model,
which stands for Auto Regressive Integrated Moving Average (ARIMA) (Gulzat et al., 2020;
Sikhimbayeva et al., 2021).

The model parameters are usually selected by studying the autocorrelation plot (Fig. 10,
11).
The plots indicate seasonality and some lag over several periods, suggesting statistically

significant seasonality in our time series.
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Fig. 10. Autocorrelation plot of the training dataset.
The seasonal ARIMA method might seem intimidating due to the many tuning
parameters, but the authors have somewhat automated the process of model parameter selection
using the built-in command auto_arima. The most suitable model obtained through this

automated parameter selection process is as follows: ARIMA (1,1,0) (1,0,1)
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Fig. 11. Partial autocorrelation plot of the training dataset.
It is necessary to calculate the most accurate SARIMA model and create diagnostic plots

for the obtained model (Fig. 12).
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Fig. 12. Diagnostic plots of the SARIMA model.

These plots show a normal distribution of residuals and minimal deviation from the calculated
values, confirming the applicability of this model for forecasting. However, the error metrics
obtained by the SARIMA model on the training data must be examined.
Stationarity test:
— T-statistic = -9.321
— P-value =0.000
Critical values:
— 1%: -3.4936021509366793 - Data is stationary with 99% confidence
— 5%: -2.8892174239808703 - Data is stationary with 95% confidence
— 10%: -2.58153320754717 - Data is stationary with 90% confidence
MAD: 269.7794
MSE: 127277.1897
MAPE: 0.0335
MPE: -0.0023
Standard error: 356.7593

Despite the residuals being stationary, the values of all metrics are considerably larger
than those obtained with the Holt-Winters model. Thus, the authors can anticipate poorer
forecasting results when considering the entire dataset (Fig. 13).

SARIMA forecast
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Fig. 13. Electricity Consumption Forecast in RK using the SARIMA Model with Automatic Parameter Selection.
Comparing the forecasting results obtained using the Holt-Winters and SARIMA models
(Table 4) on our dataset, the authors can conclude that the Holt-Winters model with an additive
trend and multiplicative seasonal component is preferable.
However, it must still provide a perfect fit when using the test dataset. These results can
be attributed to the relatively small dataset, which prevents the model from fully capturing the

underlying patterns.
Table 6 - Error metrics of the Holt-Winters model with additive trend and multiplicative seasonal component and the
SARIMA model with automatic parameter selection.

No. Model MAD MSE MAPE MPE Standby error

Holt-Winters with the additive

1 trend and multiplicative ~ 192.1468 63625.4077 0.0238 -0.0016 252.2408
seasonal component
SARIMA model with an

2 . o 269.7794 127277.1897 0.0335 -0.0023 356.7593
automatic parameterization

Until now, the authors have used pre-existing models to forecast electricity consumption
in RK. To further explore the capabilities of machine learning in forecasting tasks, the authors
will build our neural network using the PyTorch library and a sophisticated deep learning model
called Long Short-Term Memory Networks (LSTM). Therefore, LSTM can capture patterns in
time series data and is suitable for predicting future trends (Lyu, 2020). The orange line shows
the predictions made by our LSTM model. To better visualize the results, the authors can plot
the actual and predicted electricity consumption over the next 12 months (Fig. 14).

Electricity consumption per month

Total electricity consumption

Fig. 14. Actual and predicted electricity consumption
Despite its inaccuracies, the algorithm could still capture the upward trend in electricity
consumption over the last 12 months and the random fluctuations. In the future, the authors will
attempt to modify our model (number of layers, neurons, training epochs, and activation
functions) to achieve a more accurate forecast. For example, Figures 17 and 18 show the
forecasting results when changing the number of neurons in the hidden layer and reducing the
number of training epochs for the neural network.
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Fig. 15. Electricity consumption in Kazakhstan from 2002 to 2022 and forecasted consumption for the last 12 Months
with variation in the number of neurons in the Hidden Layer and number of training epochs
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Fig. 16. Actual and forecasted electricity consumption with variation in the number of neurons in the Hidden Layer
and number of training epochs

The main characteristic of fully connected and convolutional neural networks is the
absence of memory. Each input is processed independently without retaining any state between
them. Therefore, the entire sequence must be passed to the network after converting it into a
unified data batch to process sequences or time series. On the other hand, a Recurrent Neural
Network (RNN) processes sequences by iterating through their elements while maintaining a
state obtained from processing previous aspects. An RNN is a type of neural network with an
internal loop. An RNN resets its state between processing two different, independent sequences
(like two other reviews from IMDB), so one sequence is still treated as a single data block: a
single input batch. However, the data block is not processed in a single step; the network
performs an internal loop, iterating through the sequence elements (Scholle, 2018).

To explore different RNN models, the authors will use the available dataset of electricity
consumption in Kazakhstan from 2002 to 2022. Recurrent networks depend on order or time:
they process input sequences in order, and any change in the order of data can completely alter
the representation that the recurrent network extracts from the sequence. That is why they excel
at tasks where order matters, like temperature forecasting. A Bidirectional Recurrent Network
exploits the order sensitivity of RNNSs: it consists of two regular recurrent networks, like GRU
and LSTM layers, each processing the input sequence in one direction (forward or backward),
and the resulting representations are combined.

To achieve this, the authors will modify the data generator to reverse input sequences -
replace the last line in the generic generator function with the instruction yield samples[:,::-1, 1],
targets. Training the same network with a single GRU layer, used in the first experiment of this
section, yielded the results presented in Fig. 19.
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Fig. 17. Training and Validation Loss for the GRU Model in Temperature Forecasting Task using Jena Data with
Reversed Sequences.

The GRU network processing sequences in reverse order did not even achieve the level of
the baseline solution. It indicates that, in this case, the chronological order of processing is
essential for success. It is understandable: a GRU layer usually remembers the recent past better
than the distant past, and naturally, fresher information has more importance for forecasting
than older information (which is why the baseline solution without machine learning achieves
such high accuracy). Therefore, the version of the layer processing data in the forward order
should outperform the version processing data in reverse order.

5. Discussion

This research provides a comprehensive assessment of the performance of different
forecasting models for electricity consumption in the Republic of Kazakhstan. Through
comparative evaluation, this study sheds light on each method's efficacy, applicability, and
constraints in real-world energy forecasting. By exploring Holt-Winters, SARIMA, and LSTM
models, the research underscores the evolution from classical statistical approaches to more
sophisticated machine learning paradigms.

The Holt-Winters model demonstrated reliable performance when applied to the training
dataset, particularly in capturing recurring seasonal trends. Its additive trend and multiplicative
seasonal configuration emerged as the most effective among the Holt-Winters variants. This
outcome aligns with previous research, such as Chatfield (1978) and Kalekar (2004), which
highlighted exponential smoothing’s strength in modeling regular seasonality. However, the
model’s performance declined on the test dataset, indicating potential overfitting or insufficient
adaptability to abrupt structural changes and anomalies in the electricity usage patterns, such as
those observed during the COVID-19 pandemic period. The model's interpretability and
computational efficiency remain substantial, making it appropriate for rapid deployment in
operational settings with stable consumption patterns.

In contrast, the SARIMA model brought statistical rigor to the analysis by modeling
autoregressive and moving-average components and seasonality. Although its diagnostic checks
indicated adequacy, including normal distribution of residuals and data stationarity, the
SARIMA model underperformed compared to Holt-Winters regarding error metrics like MSE
and MAPE. This can be partially attributed to SARIMA’s reliance on stationarity assumptions
and its lesser capacity to model nonlinear dynamics. Nevertheless, studies by Wang et al. (2014,
2019) and Lai & Dzombak (2020) have confirmed SARIMA’S robustness in scenarios with
strong seasonal autocorrelations. Its ability to provide confidence intervals adds value to
decision-makers who require risk quantification.

The LSTM neural network emerged as the most accurate among the models tested,
particularly in test data. This supports the growing literature advocating for deep learning
approaches in time series forecasting, especially in contexts characterized by nonlinear patterns
and long-term dependencies. Studies by Hochreiter and Schmidhuber (1997), Kong et al.
(2019), and Mirowski et al. (2014) support the application of LSTM in load forecasting tasks,
demonstrating high accuracy due to its ability to remember long-term dependencies. In the
context of Kazakhstan, where energy consumption is influenced by multifactorial variables such
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as industrial demand cycles, weather, and economic fluctuations, LSTM’s ability to generalize
and adapt makes it highly effective.

The transition from classical models to machine learning approaches also reflects a
broader trend in the energy sector. This study illustrates that traditional models offer
transparency and computational simplicity but are often limited in dynamic, nonlinear contexts.
Conversely, machine learning models—though computationally intensive and sometimes less
interpretable—provide greater accuracy and adaptability. These findings are in line with recent
literature by Kialashaki and Reisel (2014), Abiodun et al. (2018), and Kaytez (2020), who
demonstrated the superiority of Al-based methods in volatile energy environments. Hybrid and
ensemble methods, such as ARIMA-LSTM and stacking models involving LSTM, SARIMA,
and XGBoost, as explored by Khalid et al., (2023) and Huang et al., (2025), represent a
promising direction for future research.

Furthermore, the study highlights the importance of data quality and preprocessing.
Anomalies and missing values in the historical dataset challenged model accuracy. Using
imputation and decomposition techniques was essential for stabilizing the input series. Anomaly
detection, particularly in periods affected by exogenous shocks, such as the 2020 pandemic, was
instrumental in refining model inputs. Visualization of trend, seasonality, and residuals
facilitated model selection and interpretation.

From a methodological perspective, the study adhered to rigorous evaluation protocols,
including time-series cross-validation and residual diagnostics. Performance metrics such as
RMSE, MAPE, and MAD were complemented by statistical tests like the Augmented Dickey-
Fuller and Ljung-Box to validate model assumptions. Using prediction intervals and residual
distribution analysis provided additional insight into model robustness and reliability.

The study also emphasizes the scalability and practical utility of the forecasting models.
Accurate electricity consumption forecasts support operational decisions—such as grid load
balancing and power generation scheduling—and strategic initiatives like infrastructure
planning and climate-resilient policy development. For instance, reliable seasonal forecasts can
inform fuel procurement and storage, especially in anticipation of winter peaks. Additionally,
better forecasts can enhance demand-side management by identifying critical load periods for
targeted interventions.

Notably, the findings have both national and international implications. Nationally, the
improved forecasting framework contributes to Kazakhstan’s energy sector efficiency and
aligns with its digital transformation and sustainable development goals. Internationally, the
methodologies and results can inform similar economies with seasonal energy consumption
patterns and developing data infrastructures. Comparisons with research in India, Turkey, and
Ethiopia (Sharma et al., 2020; Cunkas et al., 2010) affirm that machine learning-based forecasts
are practical tools for energy planning across varied economic and climatic contexts.

The LSTM model’s superior performance also prompts a discussion on computational
resource allocation. While deep learning models offer high accuracy, they require substantial
computational resources and expertise for implementation and maintenance. This calls for a
balanced approach that considers institutional capacity and cost-effectiveness when deploying
forecasting solutions. The adaptability of LSTM to multivariate inputs also opens avenues for
incorporating exogenous factors such as temperature, economic activity, and policy changes
into future models.

Finally, the study recognizes the evolving nature of energy systems. The growing
integration of renewable energy sources, innovative grid technologies, and real-time
consumption data will further complicate forecasting tasks. Future research should explore real-
time and probabilistic forecasting models that can respond dynamically to system changes.
Additionally, explainable Al (XAI) frameworks should be incorporated to make complex
models like LSTMs more interpretable to policymakers and stakeholders.

In conclusion, this discussion affirms that while classical models provide a solid
foundation for understanding energy consumption dynamics, machine learning approaches,
particularly LSTM, offer enhanced predictive capabilities for modern, data-rich environments.
The rigorous statistical validation, effective model comparison, and practical application
solidifies the study’s contribution to energy forecasting. Future work should continue bridging
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the gap between model sophistication and practical implementation, ensuring that forecasting
tools are technically robust and operationally viable.

Our findings align with international evidence that LSTM networks often outperform
classical models for energy demand forecasting (Hochreiter & Schmidhuber, 1997; Lekan,
2025; Khalid et al., 2023; Kaytez et al., 2015). They reported a 15-20% improvement over
SARIMA when applying LSTM to regional electricity loads in Turkey. Similarly, Indian power
market studies suggest that neural networks can handle irregular consumption caused by
industrial policy changes. Kazakhstan’s data, with missing months and anomalies, underscores
the robustness of deep learning to handle partial data with appropriate preprocessing.

Practical Implications.

1. Grid Management. More accurate forecasts allow energy operators to optimize generator
scheduling and minimize reserve margin costs.

2. Demand-Side Policies. Clearer insight into usage peaks helps policymakers design time-of-
use tariffs and energy efficiency programs.

3. Scalability. Once higher-resolution data becomes available, the LSTM approach can be
extended to daily or hourly forecasts, potentially reducing total system costs (Huang et al.,
2025; Bergmeir & Benitez, 2012).

Novel Contributions.

— We present one of the first extensive comparisons of LSTM, Holt-Winters, and SARIMA
using over 20 years of monthly data in Kazakhstan.

— We demonstrate that the LSTM model robustly handles partial data gaps and seasonal
anomalies, significantly reducing forecasting error.

6. Conclusion

The research findings have been discussed in roundtable discussions and conferences on
electricity consumption in the Republic of Kazakhstan. This study is gradually gaining attention
and is being discussed by the broader community regarding the results' significance and
practical applications. The expert opinions of specialists who participated in the discussions
have provided a deeper understanding of the results. They will enable more precise task
formulation when describing models and training neural networks in the future.

The most significant aspects covered in the article include the following:

— Results of analyzing the dynamic changes in electricity consumption volumes based on
seasons.

— Comparison and analysis of forecasting models: Holt-Winters, SARIMA, and LSTM.

— Explain each model's mechanism and applicability to analyzing electricity consumption data.

— Presentation of graphical information about electricity consumption in the Republic of
Kazakhstan over the specified period.

The analysis revealed a strong dependency of electricity consumption volumes on the
seasons. The examined data confirmed seasonal fluctuations in consumption, aligning with
known factors such as weather conditions and calendar events. The Holt-Winters, SARIMA,
and LSTM models demonstrated high effectiveness in forecasting changes in electricity
consumption volumes. The Holt-Winters model showed good results under stable conditions,
while the SARIMA model accommodated complex seasonal variations. The LSTM model
showcased the ability to predict future values with a deeper look ahead. Each of the considered
models has its unique mechanism of operation. The Holt-Winters model considers trend and
seasonality, the SARIMA model considers seasonality, trend, and residuals, and the LSTM
model operates based on recurrent neural networks capable of processing sequential data.

The analysis of time series data revealed a significant influence of seasons on electricity
consumption volumes in the Republic of Kazakhstan. Forecasting models, including Holt-
Winters, SARIMA, and LSTM, demonstrated favorable results in predicting future values. The
choice of the optimal model depends on the nature of changes and accuracy requirements for
forecasting. The obtained results hold practical relevance for energy companies, aiding them in
predicting and optimizing electricity production and consumption based on seasonal variations.
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This research study analyzed the changes in electricity consumption volumes in the
Republic of Kazakhstan from 2002 to 2022 to identify seasonal and temporal dependencies.
Analyzing the dynamics of electricity consumption in various periods allowed for identifying
trends and patterns that could significantly impact energy resource management efficiency.
Throughout the study, different forecasting models were applied, including Holt-Winters,
SARIMA, and LSTM. The analysis of their results revealed that each model has its advantages
and limitations. The Holt-Winters model exhibited good performance under stable conditions,
the SARIMA model demonstrated the ability to capture complex seasonal fluctuations, and the
LSTM model showcased high forecasting accuracy due to its ability to analyze sequential data.

The analysis of electricity consumption data in the Republic of Kazakhstan over the
period highlighted the significance of seasonal influence on consumption volumes. Seasonal
fluctuations related to weather conditions and calendar events are crucial in shaping the overall
electricity consumption patterns. The results of this study hold practical significance for energy
companies and organizations engaged in energy resource management. Forecasting changes in
electricity consumption volumes enables the optimization of energy systems' operation,
ensuring a balance between production and consumption.

In conclusion, this study underscores the importance of time series analysis and the
application of modern forecasting methods in the energy sector. Further research could delve
into a deeper analysis of various factors influencing electricity consumption and the
development of more sophisticated forecasting models incorporating additional variables.

This study evaluated multiple forecasting models for electricity consumption in the
Republic of Kazakhstan, comparing Holt-Winters, SARIMA, and LSTM networks on monthly
data spanning 2002-2022. The findings confirm that LSTM provides superior accuracy (MAPE
~ 2.91%) compared to classical approaches, thanks to its ability to capture nonlinear and long-
term dependencies. These results hold practical relevance for resource allocation, operational
management, and policy formulation in the Kazakhstani energy sector.

Theoretical implications. Our research adds to the growing literature on the efficacy of
deep learning in time series forecasting, illustrating that data constraints (missing points,
anomalies) can be effectively handled with proper preprocessing and hyperparameter tuning.

Practical implications. Policymakers and utility companies can adopt advanced ML
frameworks to refine consumption forecasting, enhance grid reliability, and reduce operating
costs. Future work can incorporate real-time weather or economic indicators for increased
accuracy and explore ensemble or hybrid (e.g., LSTM + XGBoost) methods suited to
Kazakhstan's evolving energy demands.

Notes. Ryumkina, Inga; Madin, Vladimir; Salykova, Olga; Ivanova, Irina; Bizhanova, Olga,
2023, “Research and Development of Models for Intelligent Analysis of Big Data in Planning

Tasks”, https://doi.org/10.7910/DVN/YHIOKS, Harvard Dataverse, V1,
UNF:6:SgtBf84MCsu2C1Mzn4SIWg== [fileUNF]
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