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Abstract. The consumer price index (CPI) tracks the prices of a specified basket of consumer goods and services. It is

a leading indicator of inflation and economic performance and plays a crucial role in economic and social planning,

reinforcing the importance of accurate CPI forecasting. This article performs a comparative analysis to identify the most

appropriate methodologies for forecasting the CPI in Saudi Arabia, using data from January 2011 to December 2024. The

methods employed are autoregressive integrated moving average (ARIMA), machine learning models—artificial neural

networks (ANN) and long short-term memory (LSTM)—and hybrid models ARIMA-LSTM and ARIMA-ANN. Three

activation functions are used: Sigmoid, hyperbolic tangent (Tanh), and rectified linear unit (ReLU). Several accuracy

measures evaluate predictive performance. The results demonstrate that the hybrid ARIMA-ANN model with ReLU

activation function was the most effective model for forecasting the CPI in Saudi Arabia.

1. Introduction

The Kingdom of Saudi Arabia’s Vision 2030 aims to create a vibrant economy by leveraging the

kingdom’s unique location and resources, expanding job opportunities for Saudis, improving the

business environment to broaden economic activity and ensure stability, and supporting domestic

firms in becoming competitive exporters to become a key center for global trade. The economy in

Saudi Arabia is expected to grow by 3.6% in 2025 compared with 2024, due to the increase in the

oil and non-oil related activities [1].

The Consumer Price Index (CPI) plays a central role in economic and social planning, as it

evaluates monthly changes in the price of a specific collection of goods and services within a defined

region. It serves as a crucial economic indicator for characterizing countries and is generally

considered the official measure of inflation. When the CPI increases in a country, the inflation

will rise and vice versa. Economic growth is indicated by a steady increase in the CPI, which
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signals healthy economic demand. On the other hand, fluctuations in the CPI indicate economic

instability; hence, people cannot afford basic goods and services [2].

Since 1999, the CPI in Saudi Arabia has fluctuated due to changes in both domestic economic

and global factors, including oil prices, housing demand, global food shortages, and supply chain

disruptions. Over the previous years, the Saudi CPI has varied, with the lowest being 67.00 points

recorded in July 2001, followed by 97.39 in March 2019 [3, 4]. Recently, the Saudi CPI has shown

a steady upward trend, reaching 112.81 points in February 2025 and 113.10 points in March 2025.

This growth is expected, as the essential categories (food, housing, water, electricity, gas, and other

fuels) in the CPI, which account for 43%, rose by 8.0% in January of 2025 compared to the same

period in 2024, as reported by the General Authority for Statistics. Consequently, the inflation rate

increased from 2.0% in February to 2.3% in March, which is the highest since July 2023.

The CPI measures changes in the prices of goods and services consumed by individuals, indicating

a society’s purchasing power. Therefore, forecasting the CPI in Saudi Arabia is crucial, as it helps

understand inflation trends and their impact on the economy. The CPI is also an important tool for

policymakers, businesses, and investors to make informed financial and economic decisions based

on well-researched forecasts, which helps reduce economic risks and support overall economic

stability.

The performance of neural networks is influenced by several factors, including activation functions,

which play a crucial role in training efficiency and prediction accuracy. These functions determine

how neurons respond to input signals and enable networks to capture nonlinear relationships

in data, which is essential for learning complex patterns. However, there is no universal rule

for selecting the most suitable activation function, as its effectiveness depends on the specific

application and the problem being addressed.

Motivated by the fact that forecasting the CPI provides clear insights into general economic trends

and supports monetary policy decisions, including taxation, this article aims to:

• Model Saudi Arabia’s CPI, as it is considered a benchmark for the stability of the Saudi

economy.

• Compare the forecasting performance of statistical, machine learning, and hybrid models

for the Saudi CPI.

• Evaluate the effectiveness of three activation functions in forecasting the CPI of Saudi

Arabia to identify the most suitable approach.

• Provide insight into the expected CPI trend for Saudi Arabia in 2025.

This proactive approach helps decision makers mitigate inflation, contributing to economic stabil-

ity and growth by ensuring sustainable development, resource management, and aligning with

Vision 2030. The remainder of the article is organized as follows. Section 2 reviews previous stud-

ies. Section 3 describes the data and methods. Section 4 presents the results. Section 5 provides a

discussion of the findings. Finally, conclusions are given in Section 6.
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2. Literature Review

Recognizing the importance of the Consumer Price Index (CPI) in the modern economy, re-

searchers have focused on modeling and forecasting it using a range of statistical and machine

learning methods. [5] applied double exponential smoothing to monthly CPI data from March 2020

to August 2021 in Yogyakarta, Indonesia, for three months. The results showed that the double ex-

ponential smoothing performed well in predicting Yogyakarta’s CPI. In the study of [6], a seasonal

autoregressive integrated moving average (SARIMA) model was applied to data from January

2010 to December 2022 to forecast the monthly CPI of restaurants and hotels in South Korea. They

used the mean absolute percentage error (MAPE) and the coefficient of determination (R²) to assess

the SARIMA model’s forecasting efficiency. [7] aimed to forecast the CPI for food, beverages, and

tobacco in Banten. They used data from January 2019 to April 2022 to determine the best ARIMA

model for forecasting the CPI over the next eight months and reported that ARIMA (0,3,1) was the

most suitable. [8] employed the ARIMA model to analyze and forecast the CPI in Somalia using

data from November 2022 to November 2024, and selected the ARIMA (1,1,0) model as it yielded

the lowest MAPE.

Due to the limitations of traditional statistical approaches in modeling complex nonlinear pat-

terns in economic data, researchers have examined the benefits of machine learning (ML) over

statistical models for forecasting CPI. [9] used Ecuadorian CPI data from January 2005 to June

2019 to predict the CPI through June 2020. They compared the efficiency of the statistical models

(SARIMA and exponential smoothing) with ML models (ANN, LSTM, and support vector regres-

sion). This comparison showed that, based on MAPE values, support vector regression, followed

by LSTM, achieved better prediction accuracy. [10] compared the ARIMA model and the ANN

for predicting the Indonesian CPI using data collected between January 2009 and December 2017,

with the aim of predicting the CPI for the next 12 months. They concluded that ANN produced

better predictive accuracy than ARIMA. [11] compared SARIMA with neural network autore-

gression and multilayer perceptron(MLP). Using CPI data for Pakistan from 1960 to 2021, they

forecasted the CPI from 2022 to 2031. The accuracy metrics RMSE, MSE, and MAPE showed that

the MLP with 20 layers performed best. [12] compared the forecasting accuracy of ARIMA and

four ML models: LSTM, Geometric Brownian Motion, gated recurrent unit (GRU), and adaptive

neuro-fuzzy inference system using Malaysian CPI data from January 1968 to September 2022.

The findings indicated that the GRU model has the lowest evaluation metrics values; therefore,

it offered greater precision. [13] used CPI data in Portugal to compare the predictive accuracy of

ARIMA and the random forest (RF) models. Data were collected from January 1948 to January

2023 for a one-year prediction (short term), from January 1948 to January 2019 for a five-year

prediction (medium term), and from January 1948 to January 2014 for a ten-year prediction (long

term). The results demonstrated the effectiveness of the RF in predicting CPI.

Researchers have also combined statistical time series models, which may have limitations in

handling nonlinearity, with ML models that offer greater flexibility to address such complexities.
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Both linear and nonlinear models may struggle to capture complex patterns accurately on their

own; hybrid systems that integrate linear and nonlinear modeling techniques have been explored.

[14] compared the accuracy of ARIMA, LSTM, PROPHET, and the hybrid ARIMA-LSTM for

forecasting CPI inflation in twelve countries, including the United States, Canada, Australia, and

India, using data from 1960 to 2021. The results demonstrated the superiority of the hybrid ARIMA-

LSTM model. [15] adopted the ARIMA, backpropagation neural network (BPNN), ANN, hybrid

ARIMA-BPNN, and hybrid ARIMA-ANN models to forecast the CPI in Yemen using data from

January 2005 to December 2014. Based on multiple accuracy metrics, the ARIMA-ANN performed

better than other models. [16] used CPI data from Vietnam (January 1995 to July 2022) to compare

the predictive accuracy of the ARIMA, ANN, and hybrid ARIMA-ANN models. Based on the

MSE values, the hybrid model outperformed individual models in multiple-step prediction. [17]

compared ARIMA with the hybrid ARIMA-ANN model to forecast the CPI for the Philippines

and its regions in 2022, using Akaike’s Information Criterion (AIC), MAPE, and RMSE. The results

indicated that the hybrid ARIMA-ANN model outperformed the traditional ARIMA model.

Under Vision 2030, Saudi Arabia diversified its economy and reduced its dependence on oil

revenues, thereby significantly transforming the kingdom’s economy, increasing the importance

of modeling and forecasting the CPI. [18] applied several ARIMA models to forecast the annual

CPI in Saudi Arabia using data from 1963 to 2017 and identified the ARIMA (0,2,1) model as

the best performing. [2] predicted the monthly CPI in Saudi Arabia using data from May 2019 to

July 2020 and concluded that the Holt linear model was suitable for both short- and long-term

forecasting. [19] employed the SARMA (0,1,0)(12,0,12) model to forecast the monthly CPI data

collected from January 2013 to May 2020 and showed its ability to capture seasonal patterns. [20]

used data from January 2013 to November 2020 to forecast the CPI in Saudi Arabia through

November 2024. They applied several ML models, including decision trees, random forests,

neural networks, linear regression, k-nearest neighbor, and support vector machine. Based on

MSE and the R², they concluded that ANN provided the best prediction accuracy.

Although neural networks are widely used in time-series forecasting, few studies have ex-

plicitly examined the impact of activation function choice on forecasting performance. Existing

research suggests that activation functions can significantly influence learning quality and predic-

tion accuracy, highlighting their importance and their potential to improve forecasting results. [21]

compared 12 activation functions for financial time series forecasting using MLP across 12 real

financial time series. The study included standard sigmoid and tanh functions as well as the pro-

posed complementary log-log, probit, and log-log functions. Neural networks were trained using

conjugate gradient backpropagation (CGF) and Levenberg–Marquardt (LM) algorithms, with the

AR model used only as a benchmark. The results showed that the choice of activation function

affects forecasting accuracy, especially in small networks and for asymmetric time series.

In contrast, traditional functions generally require larger networks to achieve similar perfor-

mance. [22] compared 10 activation functions, including conventional monotonic functions such
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as tanh and linear activations, as well as non-monotonic, wavelet-based, and even functions, no-

tably the sinc and Mexican hat functions. Experiments were conducted on synthetic time series,

namely the Logistic Map, Mackey–Glass, NARMA10, and NARMA20, using Echo State Networks

(ESNs). Prediction accuracy was evaluated using both normal and free-running prediction tasks.

The results showed that activation functions with appropriate nonlinearity, particularly sinc and

Mexican hat, outperformed others, highlighting the importance of activation function design for

improving ESN predictability. [23] conducted an experimental study to evaluate the impact of

activation function selection on the performance of MLP for electricity power production and con-

sumption forecasting. They compared 11 activation functions, including Sigmoid, Tanh, ReLU,

Leaky ReLU, ELU, SELU, Swish, and Gaussian, across different depths of hidden layers. Using four

benchmark electricity-related datasets, three were multivariate, while the Individual Household

Electric Power Consumption dataset was treated as a univariate time series. The results showed

that the ReLU and Leaky ReLU outperformed other activation functions across all datasets. [24]

applied an MLP to compare three activation functions—Sigmoid, Tanh, and ReLU—using three

simulated nonlinear time series generated from a Threshold Autoregressive (TAR) model and two

real-world datasets: the Canadian Lynx series and Wolf’s Sunspot data. They concluded that the

Tanh activation function achieved the lowest error values across both simulated and real datasets,

outperforming Sigmoid and ReLU. These findings indicate that selecting an activation function is

critical for improving forecasting accuracy.

3. Materials andMethods

In this study, open-source CPI data for Saudi Arabia are analyzed using various statistical, ML,

and hybrid forecasting models.

3.1. Data. Monthly CPI data for Housing, Water, Electricity, Gas, and Other Fuels in Saudi Arabia

from January 2011 to December 2024 are used. The data were obtained from the International

Monetary Fund 1. The data were divided so that the test data comprised the most recent 24

months, while the remaining data were used for training. Descriptive statistics of the CPI data are

shown in Table 1, and the visual representation is in Figure 1.

Table 1. Descriptive statistics for Housing, Water, Electricity, Gas, and Other Fuels

CPI in Saudi Arabia.

Mean Median Min. Max. SD Skewness Kurtosis

94.49 93.66 82.16 109.92 6.217 0.302 2.17

As shown in Table 1 and Figure 1, the CPI has fluctuated and reached the minimum in January

2011 and the maximum in December 2024.

1https://www.imf.org/en/Home
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Figure 1. Time series plot (train and test data).

3.2. Autoregressive Integrated Moving Average (ARIMA) Model. [25] proposed a generalized

model known as ARIMA(p, d, q). This model integrates an autoregressive (AR) model of order

p and a moving average (MA) model of order q, while incorporating an integrated component,

represented by d to maintain the stationarity of the time series and eliminate any existing trend.

The moving average model accounts for the possibility of a relationship between observations

and residuals from previous periods, whereas the autoregressive model focuses on dependencies

among current and past observations. The ARIMA model is represented as:

yt = c +
p∑︂

i=1

ϕiyt−i + ϵt +

q∑︂
j=1

θ jϵt− j, (3.1)

where c is constant, ϕi and θ j denote the coefficients of the autoregressive and moving average,

respectively, and ϵt represents a series of Gaussian white noise, characterized by a mean of zero

and a variance of σ2.

3.3. Machine Learning (ML) Approach. It is a branch of artificial intelligence that aims to create

systems that learn from historical data, make predictions, identify patterns, and make logical

decisions with minimal human oversight [26]. Deep learning is a more complex and specialized

subset of ML, inspired by the human brain, that trains neural networks to classify sounds, text,

or images using massive amounts of data [27]. ML is the field of study that enables computers to

learn independently without explicit programming [28]. No superior type of ML models can solve

all problems effectively, thus the choice of the most appropriate model for each problem depends

on the characteristics and nature of the data [26, 29]. For neural network-based ML techniques,

activation functions are an essential component of the system design. Mathematically, according

to [30], activation functions compute the weighted sum of inputs and biases to activate neurons

and prevent overfitting. They are essential for the management and decision-making processes
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within neural networks. In addition, they regulate the transmission of data between cells, and are

essential for enabling neurons to capture non-linearity and process complex patterns in data. The

most frequently applied types of activation functions are as follows:

• Sigmoid activation function: It is a non-linear activation function designed to solve issues

with the linear activation function. Its output ranges from 0 to 1, which makes it suitable

for predicting probabilities. However, the Sigmoid function has several limitations, the

most significant being the vanishing gradient problem and the nonzero centered [31]. The

Sigmoid activation function can be represented mathematically in the following way:

f (y) =
1

1 + e−y , (3.2)

where y denotes the input data.

• Tanh activation function: It is also a non-linear activation function with a range between 1

and -1, allowing it to solve the problem of non-centrality of the Sigmoid function. How-

ever, it also has been impacted by the vanishing gradient problem. The Tanh function is

commonly used in recurrent neural networks for speech recognition tasks [31]. It can be

represented as follows:

f (y) =
sinh(y)
cosh(y)

=
ey
− e−y

ey + e−y , (3.3)

• ReLU activation function: It addresses the vanishing gradient problem found in earlier

activation functions by returning the positive input value and outputting zero for negative

values. It is a non-linear activation function widely utilized in deep neural networks [32].

It can be represented as follows:

f (y) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩0, y < 0.

y, y ≥ 0.
(3.4)

For more details, see [30].

3.3.1. Artificial Neural Networks (ANN). Artificial Neural Networks are widely used ML models

inspired by the structure of the human brain. They have contributed significantly to time series

forecasting in many fields, including medicine, computer science, statistics, and economics, due

to their flexibility and ability to learn and model non-linear data [33, 34]. The architecture of an

ANN consists of three key layers: an input layer, where each input represents a specific time

step; one or more hidden layers that process the input and learn underlying patterns; and an

output layer that produces the final prediction. Each layer contains neurons connected by weights

through which signals are transmitted. During training, the network adjusts the weights and

biases using backpropagation based on the difference between the predicted and actual values.

In forward propagation, each neuron takes the input from the previous layer, multiplies it by the

corresponding weight, adds the bias, and then applies an activation function to the result. The
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output of the activation function then becomes the input to the neuron in the next layer [35]. The

output process of neuron j can be represented mathematically as follows:

y j(n) = f

⎛⎜⎜⎜⎜⎜⎝ m∑︂
i=1

w ji(n) yi(n) + b j

⎞⎟⎟⎟⎟⎟⎠ , (3.5)

where y j(n) denotes the output of neuron j at iteration n, f (·) is the activation function, w ji(n)
represents the weight from unit i to neuron j, and yi(n) is the input signal of unit i from the

previous layer and b j is the bias [36].

Figure 2. Architecture of the ANN.

3.3.2. Long Short-Term Memory Networks (LSTM). Long Short-Term Memory, first introduced

by [37], is a specialized form of recurrent neural network (RNN) in which memory units replace

summation units in hidden layers, enabling the network to learn long-term dependencies in

information [38]. It is particularly effective in handling long sequences and can retain information

for extended periods. Therefore, it can retain values from earlier stages for future reference and

is designed to work with data sequences such as time series or texts [39]. The network internal

architecture features three gates: input, forget, and output. The input gate controls which new

information is stored in memory, whereas the forget gate decides which information to retain

or discard. Lastly, the output gate controls the information passed to the next layer. These

gates effectively address the problems of vanishing and exploding gradients that classic RNNs

commonly encounter. Figure 3 displays the general architecture of the LSTM.

3.4. Hybrid Model. Hybrid approaches can significantly enhance forecasting accuracy by effec-

tively capturing the linear and non-linear patterns in the data. Notably, [40] proposed hybrid

models combining the traditional ARIMA model with an ANN. This method can be represented

as follows:

yt = Lt + NLt, (3.6)
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Figure 3. Architecture of the LSTM.

where Lt denotes the linear part and NLt signifies the non-linear part. In the first step, the ARIMA

model is applied, and the predicted values are then subtracted from the original series to obtain

the residuals, which capture the nonlinear part that the ARIMA model failed to capture.

NLt = yt − L̂t, (3.7)

In the next step, the ML models are applied the residuals Nt and the predicted values N̂t are

obtained. Finally, the predictions of the hybrid method can be obtained using an additive model

[41] as follows:

ŷt = L̂t + N̂Lt, (3.8)

The framework of the hybrid approach is presented in Figure 4.

Figure 4. Framework of the hybrid models.
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3.5. Accuracy Measures. Forecast accuracy measures are utilized to assess the effectiveness of

various models in forecasting the CPI in Saudi Arabia. Each accuracy measure assesses the

forecasting error from a different perspective. [42] recommend using the mean absolute error for

comparing time-series predictions. The absolute error can be converted to absolute percentage

error to eliminate scale dependency.

In this study, the prediction accuracy of the models was assessed using three measures: mean

absolute error (MAE), mean squared error (MSE), and root mean square error (RMSE). The formu-

lation of these accuracy measures is defined as follows:

MAE =
1
n

n∑︂
t=1

|(Yt − Ft)|, (3.9)

MSE =
1
n

n∑︂
t=1

(Yt − Ft)
2, (3.10)

RMSE =
√

MSE =

⌜⎷
1
n

n∑︂
t=1

(Yt − Ft)2, (3.11)

where Yt is the actual value and Ft is the forecasting value for month, and n represents the test

data size [43].

4. Results

In this section, the results of employing various models on Saudi Arabia’s CPI data will be

outlined and discussed.

4.1. Time series models.

4.1.1. Data preprocessing. The initial phase involves preprocessing time series data to ensure

accurate and consistent results. The CPI data were checked for outliers and missing values.

Furthermore, stationarity, a fundamental requirement for time series models, has been assessed

using the Phillips-Perron(PP) test proposed by [44]. This test suggests applying the first difference

to ensure stationarity. Identifying seasonality is also critical in time series models to ensure accurate

forecasts; thus, the Kruskal-Wallis was used to examine the seasonal effect. The results indicate

that there is no evidence of a seasonal effect. Based on the Box-Jenkins procedure, the optimal

ARIMA model for the CPI is ARIMA (1,1,1). The model is expressed as follows:

∇yt = 0.8726∇yt−1 − 0.6316 εt−1 + εt, (4.1)

Figures 5 and 6 show the ACF and PACF plots of the Saudi Arabian CPI training data.

Figure 7 shows the ARIMA(1, 1, 1) predicted vs. actual values for the test set, and Figure 8

shows the forecasted values along with the historical data.

4.2. Machine Learning (ML) Models.
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Figure 5. Autocorrelation Function (ACF) plot.

Figure 6. Partial Autocorrelation Function (PACF) plot.

4.2.1. Data preprocessing. In most ML models, normalization is crucial for accurate, efficient

learning during training, resulting in more reliable predictions. In this study, the min-max normal-

ization method was applied to scale the CPI data to a specified range, typically 0 and 1, preserving

the relationship among data points while ensuring that every feature contributes equally to the

analysis. Accordingly, the CPI data were normalized and divided into features and lagged features

to capture temporal dependencies. Targets were generated for both the training and test datasets

using a sliding window approach. The model employs a look-back value to predict the following

observation from the previous four. For all ML models, the layers and nodes were iteratively

added and removed to achieve the lowest values for the accuracy measures. The Sigmoid, Tanh,

and ReLU activation functions were employed and compared to identify the most suitable option.

The models were trained on the training set for up to 500 epochs using different batch sizes. Data
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Figure 7. Actual (Test Data) and Predicted CPI Values Using the ARIMA(1,1,1) Model.

Figure 8. Actual Data and Forecasted CPI Values Using the ARIMA(1,1,1) Model.

shuffling was not applied because the dataset is a time series; shuffling would disrupt the temporal

order, which is essential for capturing time dependencies in forecasting models. The following

subsection provides a detailed overview of the construction of each model.

4.2.2. Artificial Neural Network. In ANN models, the layer and neuron configurations were de-

termined empirically to optimize the accuracy metrics. The ANN model with the ReLU activation

function consists of two hidden layers with 21 and 8 neurons, respectively, and an output layer

with one neuron, using a batch size of 14 during training. In contrast, the ANN models employing

Tanh and Sigmoid activation functions adopt a simpler structure: each model consists of a single

hidden layer with 19 and 25 neurons, respectively, and uses batch sizes of 16 and 10, respectively.
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This structure enables the models to capture complex patterns in the data while producing con-

tinuous output. Table 2 summarizes the structures of all ANN models with different activation

functions.

The predicted values for all activation functions are presented in Figure 9, while the forecasted

values for the best-performing model ANN with ReLU are shown in Figure 10. As shown in these

figures, the models effectively capture the underlying trends and patterns in the data. Moreover, the

ANN model with the Relu activation function produces more stable predicted values, suggesting

that the choice of activation function has a notable impact on forecasting performance.

Table 2. Architecture of ANN models.

Activation Function Input Layer (Features) Hidden Layers Output Layer

ReLU 4 21–8 1

Tanh 4 19 1

Sigmoid 4 25 1

Figure 9. Actual (Test Data) and Predicted CPI Values Using the ANN Models.

4.2.3. Long Short-Term Memory. For the LSTM models, the following configurations are em-

ployed: for the ReLU and Tanh activation functions, a single hidden layer with 17 nodes and

an output layer was used, with batch sizes of 16 and 8, respectively. For the sigmoid activation

function, a single hidden layer with 18 nodes and an output layer was used, using a batch size

of 18. The ReLU-based LSTM model used the LeCun_uni f orm weight initialization, whereas the

models with Tanh and Sigmoid activation functions used the glorot_uni f orm initializer. Table 3

summarizes the architectures of different LSTM models with different activation functions. The
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Figure 10. Actual Data and Forecasted CPI Values Using the ANN (ReLU) Model.

predicted values of the LSTM models are presented in Figures 11 , while the forecasted values of

the best-performing model with the ReLU activation function are shown in Figure 12.

Table 3. Architecture of LSTM models.

Activation Function nput Layer (Features) Hidden Layers Output Layer

ReLU 4 17 1

Tanh 4 17 1

Sigmoid 4 18 1

Figure 11. Actual (Test Data) and Predicted CPI Values Using the LSTM Models.
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Figure 12. Actual Data and Forecasted CPI Values Using the LSTM (ReLU) Model.

It is evident from Figure 11 that the models are able to capture the trends and behaviors in the

CPI data. The predicted values from the ReLU and Tanh activation functions exhibit consistent,

coherent patterns, suggesting that the choice of activation function influences the LSTM model’s

forecasting performance. However, the forecasted results shown in Figure 12, obtained using the

best LSTM model with ReLU, indicating that the LSTM model is less effective than the ANN model

for long-term CPI forecasting.

4.3. Hybrid ARIMA-ANN Model. In developing the hybrid ARIMA-ANN model, we utilized

the ANN with a ReLU activation function model. The network consists of two hidden layers with

21 and 8 neurons, and an output layer with a single neuron. The model was trained for 300

epochs with a batch size of 32. The predicted and forecasted values of the ARIMA-ANN model

are presented in Figures 13 and 14, respectively.

Figures 13 and 14 illustrate the prediction and forecasting results of the ARIMA–ANN model,

respectively. As shown in Figure 13, the predicted values closely follow the observed CPI data with

minimal deviations, indicating that the model effectively captures the underlying patterns. Fig-

ure 14 presents the future CPI forecasts generated by the model, reflecting a consistent continuation

of the learned trend.

4.4. Hybrid ARIMA-LSTM Model. In constructing the ARIMA-LSTM models, a LSTM with a

ReLU activation function was selected. The model consists of a single hidden layer with 17 nodes

and an output layer with a single node. Training was carried out over 300 epochs with a batch

size of 32. Figures 15 and 16 show the predicted and forecasted values for ARIMA-LSTM model,

respectively.

Figures 15 and 16 illustrate the prediction and forecasting results of the ARIMA–LSTM model,

respectively. As shown in Figure 15, the predicted values align closely with the actual observations,
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Figure 13. Actual (Test Data) and Predicted CPI Values Using the ARIMA-ANN Models.

Figure 14. Actual Data and Forecasted CPI Values Using the ARIMA-ANN Model.

indicating satisfactory performance during the prediction phase. Figure 16 presents the model’s

future forecasts based on the learned temporal patterns.

5. Discussion

Table 4 presents the forecast accuracy measures for all models. According to Table 4, the hybrid

ARIMA-ANN model with a ReLU activation function outperformed all other models across the

three prediction error metrics: RMSE, MSE, and MAE. The ARIMA-LSTM model with the ReLU

activation function follows closely behind in performance.
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Figure 15. Actual (Test Data) and Predicted CPI Values Using the ARIMA-LSTM Models.

Figure 16. Actual Data and Forecasted CPI Values Using the ARIMA-LSTM Model.

Overall, the results indicate that hybrid models consistently outperform both standalone statis-

tical and single machine learning models, whose performance varies across accuracy measures.

Moreover, the ReLU activation function enhances forecasting accuracy, yielding superior results

compared with alternative activation functions, and therefore is the most suitable choice for mod-

eling the CPI data.

Based on these results, the hybrid ARIMA-ANN model with a ReLU activation function is the

most effective approach for forecasting the CPI of housing, water, electricity, gas, and other fuels

in Saudi Arabia. These results highlight the strong potential of hybrid modeling techniques for

improving accuracy in economic forecasting applications.
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Table 4. Accuracy measures for housing, water, electricity, gas, and other fuels CPI.

Methodology Activation Function RMSE MSE MAE

ARIMA – 0.4019 0.1615 0.307

ANN ReLU 0.362 0.131 0.281

ANN Tanh 0.778 0.605 0.635

ANN Sigmoid 1.524 2.324 1.412

LSTM ReLU 0.437 0.191 0.326

LSTM Tanh 0.635 0.403 0.526

LSTM Sigmoid 1.309 1.715 1.245

ARIMA-ANN ReLU 0.354 0.126 0.278

ARIMA-LSTM ReLU 0.377 0.142 0.293

Based on these results, the strong performance of hybrid models, specifically the ARIMA-ANN

model with the ReLU activation function, has significant implications for economic policymaking

and financial planning in Saudi Arabia. Accurate CPI forecasting helps improve inflation moni-

toring and supports policymakers in making informed and forward-looking economic decisions.

This finding aligns with the goals of Saudi Vision 2030, which focuses on economic diversification,

financial stability, and the use of data-driven governance.

Figure 17. Comparison of Forecasting Models Using Different Accuracy Metrics.

Figure 17 compares the forecasting performance of different statistical, machine learning, and

hybrid models using three accuracy measures: RMSE, MSE, and MAE. The results highlight

differences in model performance across the selected error metrics.

Table 5 presents the monthly forecasted CPI for housing, water, electricity, gas, and other fuels

in Saudi Arabia for 2025 generated by the best-performing forecasting model, ARIMA-ANN. The

results provide insights into the expected trend of CPI over the forecast horizon.
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Table 5. Forecasted CPI values for 2025 using the best-performing model ARIMA–ANN.

Date Forecasted Value

Jan 2025 110.605

Feb 2025 110.949

Mar 2025 111.307

Apr 2025 111.620

May 2025 111.890

Jun 2025 112.129

Jul 2025 112.337

Aug 2025 112.519

Sep 2025 112.678

Oct 2025 112.817

Nov 2025 112.938

Dec 2025 113.044

6. Conclusions

This article compared statistical time series model (ARIMA), machine learning (ML) models

(ANN and LSTM), and hybrid models (ARIMA-ANN and ARIMA-LSTM), using three activation

functions (ReLU, Tanh, and Sigmoid) to forecast the CPI for housing, water, electricity, gas, and

other fuels in Saudi Arabia over 12 months. The analysis was conducted using monthly data

collected over 14 years. Forecasting performance was evaluated using three accuracy metrics:

RMSE, MSE, and MAE.

The results indicated that the hybrid model effectively combines the strengths of ARIMA in cap-

turing linear patterns and ML models in modeling nonlinear patterns. The hybridization approach

improved forecasting accuracy compared to single statistical or ML models. Among all models,

the hybrid ARIMA-ANN with ReLU activation function achieved the best performance, followed

by the ANN with ReLU activation function. As the complexity in the time series increases, the

efficiency of using statistical or ML models alone decreases relative to hybrid models.

Accurate CPI forecasting is essential for effective economic decision-making and long-term plan-

ning. Reliable forecasts help track inflation trends and design proactive monetary and fiscal policies

that maintain economic stability. Forecasting the CPI’s components also enables policymakers to

enhance economic resilience and support sustainable development in key sectors of the economy,

in line with the objectives of Saudi Vision 2030.
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