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Time series forecasting plays a vital role in economics, finance, engineering, 

etc., due to its predictive power based on past data. Knowing the basic 

principles of time series forecasting enables wiser decisions and future 

optimization. Despite its importance, some researchers and professionals find 

it difficult to use time series forecasting techniques effectively, especially 

with complex data settings and selection of methods for a particular problem. 

This study attempts to explain the subject of time series forecasting in a 

comprehensive and simple manner by integrating the main stages, 

components, preprocessing steps, popular forecasting models, and validation 

methods to make it easier for beginners in the field of study to understand. It 

explains the important components of time series data such as trend, 

seasonality, cyclical components, and irregular components, as well as the 

importance of data preprocessing steps, proper model selection, and 

validation to achieve better forecasting accuracy. This study offers useful 

material for both new and experienced researchers by providing guidance on 

time series forecasting techniques and approaches that will help in enhancing 

the value of decision making. 
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1. INTRODUCTION 

Time series forecasting is an indispensable analytical technique for predicting unknown future events 

using past data [1][2]. It is used by various disciplines such as economics, finance, marketing, and supply chain 

management [3]. It evaluates trends, seasonality, cycles, and other time-related patterns to help organizations 

and researchers formulate informed decisions [4]. The advent of Artificial Intelligence (AI) technology [5] has 

simplified time series forecasting and improved models in terms of accuracy and agility. The complex nature 

of time series data poses many challenges, especially for novice forecasters [6]. Understanding these challenges 

and approaches is essential to ensure precise forecasting and decision making. Despite its relevance, many 

academics and professionals, especially novices, find it difficult to perform time series forecasting techniques. 

The data is often noisy [7][8] and contains irregular shifts and missing values that mask certain patterns. 

Furthermore, the simpler ARIMA [9] and Exponential Smoothing models, which are reasonable with some 

data, are not applicable to more advanced non-linear problems. This makes it difficult to select the most 

appropriate method for different types of time series data, increasing the likelihood of errors in forecasting. 

This problem is still unsolved because it deals with time series data, which is quite complex. Sometimes, 

time series data can have trends, seasonality, cyclical behavior, etc., all of which require different forecasting 

models. Moreover, the complexity of real-world data sets tends to be sophisticated [10][11], for example, they 

may have missing values or outliers, which are very difficult for beginners to understand. Moreover, a lot of 

time is needed to clean the data, choose the right model, and validate it. Most beginners do not have these 

various forecasting techniques, making the whole process daunting. Simply put, researchers who want to solve 

time series forecasting problems can get lost due to the lack of a clear framework to work with. 

In this study, the authors propose to design a simple and easy-to-follow time series forecasting guide that 

offers a step-by-step approach. This approach attempts to assist beginners in the field of time series forecasting 

by breaking down the process into less complex steps, starting with data preprocessing, then model selection, 

and ending with validation techniques. These methods will enable practitioners and researchers to understand 

not just isolated techniques, but the entire system as a cohesive unit that improves forecast accuracy. Thus, the 

contribution of this study is to propose a coherent and concise description of the steps involved in the time 

series forecasting process that will help researchers, especially beginners, in understanding and utilizing the 

methodology, thereby producing better and more reliable results. 

 

2. WHAT IS TIME SERIES FORECASTING? 

Time series data consists of a series of values recorded over a period of time, such as stock prices or daily 

temperatures [12][13]. This data allows us to study patterns that have occurred over a period of time to 

understand how values change over time [14][15]. By analyzing time series data, it is possible to understand 

the relationships that exist between multiple time factors of an event, which in turn helps in understanding how 

past conditions have influenced the current state. This data allows us to project the detected patterns into the 

future, which will support planning and anticipating future changes. The method used to predict future values 

from a time-mapped dataset and the historical data used is known as time series forecasting [16]-[18]. When 

the data is readily available and well organized, the forecasting process becomes easier and faster. This 

technique is essential for sales forecasting, stock evaluation, and planning organizational activities. Relying on 

past data allows an organization to plan more effectively and understand what changes are likely to occur in 

the future. 

Although time series forecasting can provide useful predictions, the results are not always completely 

accurate [19][20]. Uncertainty and unforeseen external factors, such as sudden events or radically changing 

market conditions, affect forecast accuracy. Despite its imperfections, time series forecasting still offers insight 

into possible future outcomes, which helps organizations make better decisions. While it is impossible to 

completely eliminate uncertainty, time series forecasting serves as an important tool during the decision-

making process and strategic planning. In time series forecasting, the model used attempts to recognize and 

exploit identifiable patterns in historical data, to predict how variables will change in the future [21][22]. The 

temporal order of the data is critical because future values often depend on past values. If there is an upward 

or downward trend in the data, the model must be able to exploit that trend and predict similar value movements 

in the future. An illustration of the time series forecasting process is shown in Figure 1. 

Figure 1 illustrates a multi-horizon (time series-based) forecasting method that is able to predict values 

for several periods in the future, while considering multiple data sources simultaneously [23][24]. The model 

combines historical data (past targets), directly observed inputs (observed inputs), known information (known 

inputs), plus constants called static covariates. By considering these components, the model tends to capture 

patterns of trends, seasonality, and fluctuations in the data, thereby increasing forecast accuracy. Past targets 

provide the necessary information on the history of the variable to be predicted and help the model to capture 

temporal changes. On the other hand, observed inputs include factors that have been observed and may affect 
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the target such as environmental, economic, or social factors. By incorporating observed inputs, the model can 

account for changes that are not always detected through historical data. 

Known inputs consist of variables that are known at the time of the forecast such as public holiday 

calendars, production schedules, or even deterministic external data. The presence of known inputs allows the 

model to better recognize the presence of deterministic patterns, resulting in more accurate and stable 

predictions. Static covariates are parameters that do not change over the forecast period, such as geographic 

location, product type, or customer demographics. This allows the model to capture patterns that are specific 

to the idiosyncratic characteristics of the entity being analyzed. After processing all of these inputs, the model 

produces a set of forecasts for a number of future periods, with prediction intervals that describe how uncertain 

the estimates are. 

 

 
Figure 1. Illustration of the time series forecasting process [23][24] 

 

3. GENERAL STAGES IN TIME SERIES FORECASTING 

Forecasting is the process of making predictions or decisions that can predict the future [25][26]. The first 

step involves developing objectives. This is where the forecast objective is set along with the appropriate 

figures and time frame. It is important to understand whether the scope is built for short-term operational 

decisions, medium-term planning, or long-term strategic insights as this determines the methods and data to be 

used. Forecasting without accurate and intelligent objectives cannot produce results and decisions that can be 

helpful, rather than unconstructively misleading. Once the specific objectives are clearly defined, the next step 

is to obtain relevant data. Point-in-time data, such as sensor readings, sales information, and market trends, 

provide the essence of any forecast. However, the data used must still be appropriate and relevant to the 

research objectives. It is essential that the data collection process ensures that the data is accurate, uncorrupted, 

and complete as any missing values or errors can result in incorrect forecasts. As such, data must be cleaned 

and validated before it is subjected to analysis. 

When analyzing data, it is often necessary to pre-process it. This involves data cleaning, which includes 

removing noise, handling outliers, imputing missing or duplicate values, handling multiple repeating records, 

and several other preprocessing steps to ensure that the data is ready to be processed by the forecasting model 

[27]-[30]. A data set can be considered fully reliable for forecasting only after thorough cleaning, structuring, 

and fine-tuning have been applied (more clearly discussed in section: VI. Data Preprocessing in Time Series 

Forecasting). Once the data is prepared, the next challenge is to choose the right forecasting method. 

Forecasting can be done using qualitative or quantitative techniques. Qualitative methods, such as opinion 

surveys and the Delphi technique, are generally used when the data is scarce, and expert judgment is required. 

On the other hand, quantitative methods—such as ARIMA (Auto Regressive Integrated Moving Average) [31], 

exponential smoothing [32], regression models [32], and even machine learning algorithms [33][34], are 

preferred when large data sets are available (more clearly discussed in section: VII. Popular Method for Time 

Series Forecasting). These methods take into account the time-dependent nature of the data, incorporating 
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patterns such as seasonality, trends, and cycles. The method chosen depends on the characteristics of the data, 

the complexity of the forecast required, and other constraints. 

Once the approach method is determined, data analysis begins with an attempt to highlight identifiable 

patterns, trends, and relationships. This is a very important step, as it incorporates everything from seasonal 

effects to related cyclical variations that seem to affect the forecast. To provide further clarity on the 

predictions, statistical techniques are accompanied by data visualization tools to identify patterns and factors 

that help make the predictions more accurate. The analysis is so thorough that one can be sure that any forecast 

made will take into account as many factors as possible and contain very few risks. In relation to the information 

collected, the actual forecasting process begins. Before proceeding with the forecasting process, the method is 

first trained using historical data to recognize the patterns contained therein. This training process then produces 

a model that will be used for the forecasting process. To find out how reliable the model is, validation is needed 

(more clearly discussed in section: VIII. Validating Time Series Forecasting Results). The validation process 

is an integral part of estimating the accuracy of the forecast. Comparing the forecast with its actual value allows 

the analyst to evaluate the accuracy of the forecast using various error indices. The level of forecast discrepancy 

often requires a reality check, where the model is iteratively improved to achieve the desired level of accuracy. 

The process of revising and refreshing the model with new data maintains the accuracy and usefulness of the 

predictions. As organizations improve their forecasting approaches, they hope to achieve greater readiness and 

adaptability to environmental changes. Some common stages in time series forecasting from defining 

objectives to achieving objectives are shown in Figure 2. 

 

 
Figure 2. General stages of the time series forecasting process from determining goals to obtaining the desired goals 

 

4. TIMESTEP DALAM TIME SERIES FORECASTING 

Time step in the context of forecasting refers to a specific time interval or period used to predict future 

values in a time series, based on previous data. Time step refers to the unit of time used to measure the distance 

between two consecutive data points in a time series. For example, in a time series that records daily 

temperatures, the time step is one day, indicating that data is collected every 24 hours. Time steps can vary, 

depending on the data being analyzed, such as weekly, monthly, or even yearly [35][36]. In the context of 

forecasting, time steps are used to predict future values based on historical data and patterns identified in that 

data [25][26]. It is important to remember that in time series forecasting, it is not only predictions at a specific 

point in time that are needed, but also how those predictions are influenced by previous time steps. Time step 

forecasting uses patterns formed from a series of data to predict future values, so patterns or trends that emerge 

in historical data can be used to project future conditions. 

 

4.1. Single-step Forecasting 

Single-step forecasting is an analysis that focuses on anticipating a single future value based on available 

information [37][38]. The model’s predictions are limited to a single time period, or one step ahead, usually 

referred to as t+1, which is the next period after the last data point. This method is relatively easy to implement 

and is appropriate for cases where only a single time unit projection is needed. For example, in sales 

forecasting, if the only question is what the sales figures will be in the next month (t+1), then single-step 
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forecasting is sufficient. The forecasting model will base its estimates on historical data from several previous 

periods, perhaps covering sales for the past month and several months before that. This approach is most useful 

when the desired information is relevant to only one future time period, as shown in Figure 3(b). However, a 

disadvantage of single-step forecasting is that it does not account for changes or trends that may occur more 

than one time step ahead. This makes this approach unsuitable for long-term projections that require multiple 

time steps ahead. 

 

4.2. Multi-steps Forecasting 

Multi-step forecasting refers to a more advanced approach to forecasting where the primary objective is 

to predict more than one value in a time series in the future [39]-[41]. Instead of predicting the value for just 

one time period such as t+1, multi-step forecasting is a model that attempts to make predictions for multiple 

time periods simultaneously; for example, the objective may include making forecasts for t+1, t+2, t+3, .. up 

to t+n, which also includes projections for multiple time periods at once. This method is very useful in many 

cases, especially where details about longer-term future conditions are important, for example, when dealing 

with production planning or weather forecasting, we want to know not only the value for the next period but 

also how the value will evolve over several future periods. Thus, multi-step forecasting models become 

important when one wants to get a more detailed view of expected future trends, especially in the long term. 

The most difficult but most significant problem with multi-step forecasting is that the further out the prediction 

is made, the higher the degree of uncertainty and the potential for prediction errors. This problem occurs 

because the model must consider a larger set of variables, along with their dependencies from one time step to 

another, which can result in accumulated errors. 

 

4.2.1. Recursive Multi-Step Forecasting 

In recursive multi-step forecasting, each prediction for the next time step depends on the predictions made 

previously [42][43]. This means that to predict the value at time t+2, one must first predict the value at t+1, 

which is used to predict t+2, and so on. This process continues until the desired time step is reached. This 

approach is often referred to as recursive forecasting, as shown in Figure 3(c). This approach has the advantage 

of simplicity because the same model can be used repeatedly to predict different time steps. However, the 

disadvantage is that uncertainty at one time step can spread and magnify prediction errors at subsequent time 

steps. Thus, an error at t+1 can affect the quality at t+2, t+3, and so on. 

 

4.2.2. Direct Multi-Step Forecasting 

Direct multi-step forecasting is an alternative approach where separate models are trained to predict each 

time step directly [38],[43][44]. That is, to predict the values at t+1, t+2, and so on up to t+n, we train a separate 

model for each time step. The prediction for t+1 does not affect the prediction for t+2 or any other time step, 

so each model works independently to project the values at a given point in time. See Figure 3(d). This approach 

has the advantage that the predictions at each time step are independent of each other, meaning that errors at 

one time step do not affect the predictions at other time steps. However, the disadvantage of this approach is 

that it requires a model for each time step to be predicted, which can be more time-consuming and resource-

intensive. 

 

4.2.3. Direct Recursive Multi-Step Forecasting 

Direct Recursive Multi-Step Forecasting is a method that integrates two approaches, recursive forecasting 

and direct forecasting, to predict several time steps into the future in a time series [45]. In this method, the 

model is first trained to predict ex: t+1. The prediction made for that time step is then used to predict what the 

value will be at the next time step, ex: t+2, and so on. Thus, the model relies on previous predictive results to 

project further values into the future following a recursive structure. See Figure 3(e). The advantage of Direct 

Recursive Multi-Step Forecasting is its ability to overcome the effects of prediction errors in early time steps, 

which are most often encountered in pure recursive forecasting methods. Since the model is separated at each 

time step, the amount of error from previous predictions can be overcome. However, although better than 

traditional recursive forecasting methods, this method is more resource-intensive, due to the training of each 

step and the resulting computational complexity. In other words, although these methods tend to have better 

accuracy and are more flexible, the loss of efficiency is in the use of greater resources, as well as the 

management of more complex models. 

 

4.3. Multiple Output Forecasting 

A forecasting method that allows a model to predict more than one value of a given event simultaneously 

in a single forecasting step is called multiple output forecasting. This means that the model is able to make 
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projections for each time step in the same forecasting process. This term is often also called Multi Input Multi 

Output (MIMO) [38],[46][47], as shown in Figure 3(a). Figure 3(a) shows that this model can forecast the 

values t+1, t+2, t+3, and t+4 in one output. This method is very helpful when we need to make a projection for 

a certain period of time without having to run a separate projection model for each time step. Indeed, this 

approach is very efficient in many ways, but it will be more settings in the model and may also require more 

data to train the model well. 

 

 
Figure 3. Illustration of time-steps in time series forecasting with (a) multiple output forecasting, (b) single-step 

forecasting, (c) recursive multi-step forecasting, (d) direct multi-step forecasting, and (e) direct recursive multi-step 

forecasting 

 

5. COMPONENTS IN TIME SERIES 

Time series data consists of four key elements that are relevant to analyzing and predicting change over 

time [48]-[50]. One basic component is the trend, which is the long-term movement of the data. A trend 

captures the general direction of the data, whether it is moving up, down, or stable within a certain range over 

a period of time [48],[51]. Trends can be linear, which shows a smooth, steady increase or decrease, or 

nonlinear, which shows a more complex pattern of movement where the rate of change varies over time. Linear 

trends can occur in cases such as steady population growth, where there is a uniform increase each year. 

Nonlinear trends can be seen in technology adoption, where there is accelerated growth over time as more 

people accept the technology. It is important to understand the components of a trend because they provide the 

underlying overall movement of the data, helping analysts make long-term forecasts and sound decision 

strategies. The second component is seasonality, which consists of fluctuations that recur over a period of time 

[48],[52][53]. Seasonal variability usually occurs over a period of time, such as a day, week, month, or year 

and can be influenced by a variety of circumstances such as climate, periodic holidays, or other recurring 

phenomena. For example, many retailers see a spike in sales during the months leading up to Christmas as 

people shop for the holidays, or people may tend to buy more ice cream in the summer because the weather is 

warmer. Seasonal periods are always the same and are recurring events so they can predict when sales will go 

up or down which is fundamentally important for certain businesses in managing their inventory, expenses, 

marketing and headcount. Seasonal variations are clearly defined patterns that can be easily predicted. As a 

result, seasonal fluctuations are not random patterns and can be used for more precise short-term analysis. 

These patterns of events help businesses to accurately track when anticipating in the short term by identifying 

which events are predictable and are caused by time-driven factors. 

The third component, cyclical variations, refers to periodic long-term changes over a defined time span 

[48],[54]. Unlike seasonal, cyclical variations take longer and are less certain to develop. They are primarily 

associated with larger business or economic cycles such as economic booms or recessions, which last for 

several years. Unlike seasonal patterns which can be accurately predicted based on their regular occurrence, 

cyclical fluctuations are more difficult to forecast due to the economy’s dependence on a variety of 

unpredictable factors. A good example is a company experiencing lower sales and profits during an economic 
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downturn, but there is no set time or duration for these cycles. Nonetheless, these movements help businesses 

and economists gain new perspective on the specific region or market their industry is facing while considering 

the broader economy. While the last is irregular fluctuations or random fluctuations are random deviations as 

a result of unanticipated events that can occur outside of established trends, seasons, or cyclical changes 

[48],[50],[57]. These irregularities can come from sudden changes in the market, catastrophic events, 

technological shifts, or errors made when collecting data. Especially during time series analysis, this must be 

handled with great care because without proper handling, irregularities can mask existing trends or patterns 

and cause confusion when trying to draw important conclusions from the data. For example, the emergence of 

a new intense political challenge can cause a decline in confidence in the market leading to confusing stock 

movements that cannot be explained using seasonal or economic cycle indicators. The differences between 

these four components of time series data are shown in Figure 4. 

 

 
Figure 4. Comparison of time series data components within a year; Trend (black line): Slow but steady linear increase, 

Seasonal (blue line): Seasonal fluctuations that repeat every month. Cyclical (green line): Long-term cyclical pattern with 

a frequency of about six months, Irregular fluctuations (purple line): Random fluctuations that show erratic variations, 

Total Series (red dashed line): Sum of all components [55][56]. 

 

6. DATA PREPROCESSING IN TIME SERIES FORECASTING 

Data preprocessing is basically a systematic task that converts raw data into a machine-readable format 

for further analysis and modeling [58][59]. This task involves various steps related to data integrity, quality, 

and efficiency, among others. There is a comprehensive data preprocessing pipeline that improves model 

performance and ensures reliable model output. This process starts with Lineage/Provenance, which 

determines the origin, changes made to the data, and the lifecycle history of the data. For the sake of 

transparency, accountability, and reproducibility, this ensures that analysts and researchers can validate the 

source of information in a human-like manner. Knowing from where the data was taken and how it was changed 

helps in validating or ensuring the validity of downstream analysis. After that, there is Sampling which is the 

process of selecting a portion of a larger data set that is representative of the actual data [60]. When the data 

set is very large, full-scale processing becomes computationally expensive and time-consuming. By taking a 

portion of the data that is representative of this data set, we can ensure a balance between accuracy and 

efficiency without losing significant information. Depending on the structure and requirements of the dataset, 

different sampling methods can be adopted, such as stratified sampling, random sampling, or systematic 

sampling. 

Once the samples are selected, move on to the Data Cleaning phase, where the information in the dataset 

is checked for inconsistencies, errors, and other forms of irregularities [61]-[63]. The first problem identified 

in this stage is called Noise which is defined as random deviations, irrelevant changes, or errors in the data that 

can distort the pattern and have a major impact on the accuracy of the model. Malfunctioning sensors, data 

transmission errors, or even some errors made by human input can cause noise. In order for the dataset to be 

reliable for analysis, noise needs to be removed. Another effective approach to data cleaning is to address 

Outliers which are defined as abnormal or exceptional values that fall outside the normal distribution range of 

the dataset. Caused by measurement errors or real anomalies, outliers do have an impact that needs to be 
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investigated more closely. Outlier values can be handled by transforming them, removing them, or introducing 

some statistical countermeasures such as, “winsorization” or strong standardization. 

Another major challenge associated with data cleaning is Missing Data which inevitably refers to data 

values that should be present but for some reason, are missing [64][65]. Missing data values can occur due to 

malfunctioning sensors, incomplete survey forms, data entry errors, or other technical errors. Assuming there 

are missing values in the data, some level of estimation (mean, median, or predictive) or deletion (either listwise 

or pairwise) can be applied to address them. The term filling missing values is often referred to as imputation 

techniques. Additionally, redundant records known as Duplicates that appear more than once in the dataset also 

need to be found and removed, otherwise the analysis will be flawed [66]. Such records can increase some 

counts in observations and skew certain statistics, which will be predicted inaccurately. Removing these 

ensures that all observations are reliable and every data point is useful to the predictive model. 

After that, now that the data is clean and free from any inconsistencies, the next stage is Sensor/Data 

Fusion. During this phase, data from multiple sources or sensors are combined and integrated into a single 

source [67][68]. This ensures better completeness, consistency, and reliability of the data. When data is 

combined from multiple sources, errors are minimized and uncertainties are reduced, thus providing a more 

accurate picture of the phenomenon being investigated. For example, during air quality monitoring, data 

collected from multiple sensors located at different positions can be used to generate a more accurate pollution 

index. The data collected from these multiple sources is assumed to have gone through the data cleaning 

process, so that there is no more noise in the data that must be addressed in subsequent stages. This data fusion 

stage is carried out after data cleaning aims to ensure the quality and consistency of the data before merging, 

thereby preventing the propagation of errors into the larger dataset. 

After having a comprehensive structured integrated dataset, the next step is Privacy Protection, which 

involves restricting sensitive or personal information from being accessed or violated by unauthorized 

personnel [69]. However, this stage is actually quite flexible because it can be done earlier by the research and 

analyst team. In today’s highly automated and data-driven world, privacy intrusion has emerged as a challenge 

and threat especially when dealing with personally identifiable information (PII) and sensitive data. Data that 

is supposed to be used for analysis such as personal information is protected through methods such as 

anonymization, differential privacy, and encryption. Privacy protection is especially important when dealing 

with medical, financial, or behavioral data of users. Once data privacy is well protected, the 

Windowing/Partitioning technique can be used to divide the dataset into smaller, semantically meaningful 

chunks. This technique is especially useful for dealing with time series data in analysis, as well as data that is 

processed in real-time. Windowing facilitates the structuring of data into segments for analysis, where each 

segment is treated individually to detect trends and patterns. Partitioning also helps in parallel processing, 

where different segments of the dataset are processed independently and the analyzed data is compiled for the 

final output. Similar to Privacy Protection, the Windowing stage is also flexible. This stage is not a mandatory 

stage, but an optional stage if needed in the analysis. 

In addition, the next step that can be taken is Normalization. This is the process of correcting data that 

has been scaled differently to fit a common scale. This is especially important for machine learning models 

that differ in sensitivity to scale differences such as neural networks and gradient-based algorithms. With min-

max scaling, Z-score normalization, and decimal scaling, no feature is allowed to dominate due to variations 

in magnitude. The normalization step is performed after windowing to prevent data leakage between window 

segments, ensure appropriate scales within each window, improve processing efficiency, and provide flexibility 

in choosing a normalization method. If normalization is performed first, the data scale can be affected by the 

entire dataset, causing mismatches between windows and potential data leakage, especially in time series 

analysis. By applying windowing first, each data segment can be normalized independently based on its 

characteristics, making the analysis results more accurate and efficient. However, this step may be adjusted as 

needed. The next step of normalization is debiasing which is the process of removing bias in the data set. 

Unbalanced data distribution, unfairness from history, or sample data can cause bias. These biases must be 

addressed to ensure that the model predictions are objective and unbiased. 

Once the dataset is structured, cleaned, and normalized, feature engineering begins [70]. This is the step 

where new features and even modifications to certain features are done with the aim of improving the 

performance of the model. Feature engineering begins with Transformation, which is defined as changing the 

data into a form suitable for analysis. One of the processes that occurs during transformation is called 

Dimensionality Change, which means changing the number of features by making them more complex or 

simpler by removing unimportant features. Categorical bins can capture certain patterns and therefore 

Discretization makes it possible by converting continuous numbers to categorical data. Precision Change 

balances detail with computational needs, while numeric values are limited in scope. In Type Conversion, the 
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values are formatted into machine learning capabilities such as integers, pointers, or floats, and used as basic 

machine learning data types. 

Apart from transformation, another aspect of feature engineering is called Synthesis. This involves 

producing new features from existing features through mathematical functions, aggregations, or special 

manipulations. Feature synthesis allows the model to exploit hidden relationships within the data leading to 

improved model performance. After synthesis, redundant or irrelevant features are removed in Feature 

Reduction which improves computational efficiency and retains important information. In the final phase of 

feature reduction, Feature Extraction combines Expert Systems and knowledge-based systems, where in-depth 

data is obtained through Principal Component Analysis (PCA) or using autoencoders [71][72]. However, 

Feature Selection extracts the features that add the most value to the predictive power of the model [73], while 

ignoring the features that do not drive value. The final stage that can be performed in this preprocessing is 

Compression. This stage is a process that takes a dataset and reduces its size with respect to the goal of retaining 

as much value as possible. Dimensionality reduction, quantization, or encoding are all considered effective 

compression techniques that help optimize storage and computation, leading to faster and more efficient data 

processing. This is especially useful in the context of big data where it becomes essential to reduce the volume 

of the dataset while retaining important information for analysis. These methodical approaches ensure that the 

dataset will be clean, well-structured, and optimized for analysis leading to better model performance and 

reliable insights. Suggested sequence in the data preprocessing stage is shown in Figure 5. 

 

 
Figure 5. Data preprocessing in order to improve the quality of time series forecasting data [79] with recommendations 

that are best done sequentially (yellow) and flexible sequence (green) 

 

7. POPULAR METHOD FOR TIME SERIES FORECASTING 

As explained in section: III. General Stages in Time Series Forecasting, that in general the methods in 

forecasting are divided into two parts, namely qualitative and quantitative methods. In the context of time series 

forecasting, it is included in quantitative methods along with causal methods, as shown in Figure 6. In time 

series forecasting, quantitative methods are used to predict future values based on previously recorded data in 
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chronological order. One of the most well-known methods is ARIMA, which consists of three main 

components: Auto Regressive (AR), Moving Average (MA), and Integrated (I) [9],[74]. The AR component 

assesses how much the current value depends on past values in the data, while MA predicts errors that occurred 

in the previous period. The Integrated (I) component is responsible for making the data stationary by removing 

long-term trends or changes in the data [75]. ARIMA is suitable for data sets that do not show clear seasonal 

patterns, but for those that show seasonal patterns, SARIMA (Seasonal ARIMA) can be applied [76][77]. 

SARIMA adds a seasonal component to ARIMA to accommodate data that shows regular seasonal patterns. 

In addition, ARFIMA is used for data with long-term dependencies [78], meaning that values in the distant 

future are highly determined by values in the distant past. 

 

 
Figure 6. Time series methods are part of quantitative methods along with causal methods and several sub-parts of them 

 

In addition to ARIMA, Exponential Smoothing is also widely used in time series forecasting, especially 

for data that does not have complex trends or seasonality [80][81]. Simple Exponential Smoothing (SES) gives 

more weight to the most recent data, making it suitable for stable data with no trends or seasonality [82]. 

However, for data with trends, the Holt Linear Trend Model can be applied because it considers not only the 

level of data, but also the trend in the data [83]. If the data also shows seasonal fluctuations, the Holt-Winters 

Method can be used, which adds a seasonal component to handle data that has a clear seasonal pattern [77]. 

There are also other variations such as the Damped Trend Model [84], which is useful for data that shows a 

gradually fading trend because it reduces the impact of the trend over time. In the case of more complex and 

non-linear time series data, Neural Networks offer a flexible approach, as well as the ability to handle 

relationships that are difficult to realize with traditional linear methods. Forward Neural Networks (FNNs) are 

relatively simple but can handle some forms of non-linear relationships between inputs and outputs [85]-[87]. 

However, for more sequential data, such as time series data, Recurrent Neural Networks (RNNs) are more 

effective because they can remember previous periods [88]-[90]. One of the most advanced variants of RNNs 

is Long Short-Term Memory (LSTM) [91], which was developed to address the vanishing gradient problem in 

RNNs and is able to retain information for longer periods of time, very useful for data with long-term 

dependencies [92]. Gated Recurrent Units (GRUs) [93][94] are a simpler but still effective and more efficient 

variant of RNNs that, unlike LSTMs, train faster. 
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While ARIMA and Neural Networks are considered the best models for time series forecasting, 

Regression techniques can also do the job easily, especially in cases where there is a causal relationship 

between time as a variable and other variable involved. Simple regression can be applied to a single 

independent variable affecting the dependent variable [95] in time series data, while multiple regression is 

applied when there are multiple independent variables affecting the dependent variable. Regression is usually 

not the dominant model in time series analysis, as it is more likely to be used for causal forecasting, but there 

are situations when regression can be used to model the relationship between relevant time series data. The 

choice of method in time series forecasting depends largely on the characteristics of the data at hand and the 

forecasting objectives to be achieved, and there is always a trade-off between ARIMA, Exponential Smoothing, 

Neural Networks, and Regression, each having its strengths in different contexts. 

 

8. VALIDATING TIME SERIES FORECASTING RESULTS 

Based on what we have mentioned in section III. General Stages in Time Series Forecasting, to find out 

how reliable the model is, validation is needed which is an integral part of estimating the accuracy of the 

forecast. Validation of time series forecasting can be done in several steps and ways. Here we try to outline 

five parts, starting from data splitting, cross-validation [96], error metrics, residual analysis, to visualization, 

as shown in Figure 7. In this topic of time series forecasting, more attention needs to be paid to the time 

sequence and patterns contained in the data when generating and evaluating prediction models. The first step 

that must be taken is data splitting or dividing the data into two parts, training and testing [97]. In time series, 

data division must consider the time sequence, so that training data always precedes testing data. One method 

that can be used is out-of-sample validation, where the testing data is ensured to come from a different time 

period from which the training data was taken, so that the model is not tested using the same data as the training. 

On the other hand, rolling forecast origin is also often applied to time series, where the model is trained on data 

that is regularly updated with the latest data and is always tested on the latest data. This reflects the movement 

and changes in data over time. However, this certainly depends on the condition of the data used in forecasting. 

If the data is always updated, then this method can be a mainstay method. However, if not, then methods such 

as sequential validation can also be a strong alternative in splitting forecasting data while maintaining the time 

series sequence. Actually, this stage has been carried out before the data enters the training and forecasting 

stages. So, at this evaluation and validation stage, it is sufficient to use data that has been split previously. This 

step is one of the mandatory initial steps to ensure that the validation runs well because the data is appropriate. 

Furthermore, to ensure that the model does not only memorize patterns in the training data, cross-

validation is a solution that greatly encourages model generalization [98][99]. In the field of time series, 

expanding window is the most frequently used method. In this method, the size of the train data is incrementing, 

while the size of the test data is fixed. This allows the model to be from more data over time. Conversely, in a 

sliding window, the size of the training data is fixed and the data trained in it is the latest data. This approach 

allows testing how the model will adapt to changes in data patterns over time. After the model is trained and 

tested, the next step is to measure the model's performance using error metrics. In time series, popular forecast 

error evaluation metrics are Mean Absolute Error (MAE) [100][101], Root Mean Squared Error (RMSE) 

[95],[102], Mean Squared Error (MSE) [103]-[105], and Mean Absolute Percentage Error (MAPE). MAE and 

RMSE in this case are two metrics that help to understand the error considerations that occur in time series 

data, while MAPE is more appropriate to use if you want to measure how big the error is in percentage form. 

In addition, sMAPE is a more robust version of MAPE when the actual value is close to zero because the 

resulting evaluation is more balanced.  

In addition, almost similar to error, residual analysis helps observers to see how well the model has 

adapted to the patterns in the data in the time series. The method that is often used is the autocorrelation function 

(ACF) [106], a feature that allows us to analyze time series. ACF helps to determine whether there is a 

correlation between residuals at different times. There is a significant correlation, it is an indication that the 

model still needs to capture more temporal patterns of its data behavior, such as trends or seasonality. This 

method is actually more suitable for regression methods if used at any time in the time series forecasting 

process. After the previous validation process is complete, visualization can be used, which is one of the most 

important methods in time series to help interpret and discuss the results of the model. Time series plots are 

the most frequently used graphs to directly see not only predictions, but also compare with actual values over 

time. In this way, it can create a visual interpretation of how well the data follows the trends and patterns in 

the data. In addition, error distribution plots, residual plots, and autocorrelation plots can also be used together 

with other plots to provide an overview of model errors and whether there are parts of the data that have not 

been learned well by the model. 
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Figure 7. Validation techniques ranging from data splitting, cross-validation, error metrics, residual analysis, to 

visualization, along with several validation methods that are often used in time series forecasting. Green is marked as 

mandatory, while yellow is marked as a recommendation (optional) 

 

9. CONCLUSION 

Predicting future events when based on historical data requires mastery of time series forecasting. There 

are many different components of time series forecasting, such as seasonality, trend analysis, cyclical 

variations, and irregular fluctuations, all of which are integral to understanding patterns in the data. Once the 

combination is identified and analyzed, the accuracy and reliability of the predictions will increase, making it 

more effective for businesses and researchers. Additionally, cleaning, structuring, and formatting the entire 

data to be analyzed must be handled during the preprocessing stage to ensure accuracy. Structuring and 

normalizing the data among other feature engineering techniques will enable the model to perform better, which 

will further result in higher accuracy in predicting outcomes. Depending on the type of data, whether linear, 

non-linear, seasonal, or non-seasonal, various approaches such as ARIMA, SARIMA, Exponential Smoothing, 

or even more sophisticated ones like Neural Networks can be used. The time series forecasting model is then 

validated to ensure its accuracy and reliability. Techniques such as cross-validation, error metrics, and residual 

analysis are essential for model evaluation and refinement. The fundamental study in this manuscript is 

expected to be the basis of understanding for time series forecasting researchers which will ultimately be very 

useful for institutions and organizations that need it in their business processes and others. 
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