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Economic growth; Gross domestic product (GDP) growth is an important indicator of macroeconomic
GDP; Forecasting; per{ormance and provicles essential information for economic planning, resource
Time series; Neural | allocation, and policy formulation. Accurate forecasting of economic growth is therefore
networks crucial, particularly for developing economies such as Pakistan, where economic
conditions can be influenced by substantial structural and macroeconomic changes. This
study comparatively evaluates alternative forecasting approaches for Pakistan's real GDP

growth and generates forecasts for the period 2023-2032. Annual real GDP growth data
covering 1900-2022 are used to develop and evaluate five forecasting approaches:

ARTICLE HISTORY Autoregressive Integrated Moving Average (ARIMA), double exponential smoothing,

multilayer perceptron (MLP), neural network autoregressive (NNAR), and a hybrid

Date of Submission:

16-07-2026 forecasting model. The models are assessed comparatively to identify their ability to
Date of Acceptance: | capture the underlying temporal patterns in Pakistan's economic growth and provide
20-08-2026 reliable long~term forecasts. The empirical results indicate that the multilayer perceptron
Date of Publication: (MLP) model provides the most accurate forecasting performance among the evaluated
24-08-2026 approaches. The findings demonstrate the potential of nonlinear neural-network-based

methods to capture complex patterns in Pakistan's historical GDP growth that may not be
adequately represented by conventional statistical and exponential smoothing
techniques. The yesulting forecasts for 2025-20352 provide an empirical basis for assessing
the prospective trajectory of Pakistan’s economic growth. Overall, the study contributes to
the forecasting literature by providing a comparative assessment of conventional,
exponential smoothing, neural network, and hybrid approaches using a long historical
series of Pakistan’s real GDP 8yowt11. The {indings may assist researchers, economic
planners, and policymakers in selecting appropriate forecasting techniques and
developing evidence-based strategies for medium- to long-term economic planning.
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Introduction

GDP measures the total economic output of a nation over a specific time period, including all
goods and services produced there. It makes no difference whether the people are local citizens or
work for foreign-owned businesses. The government counts their output as GDP if they are within
the nation's borders. Understanding Pakistan's economy, a rapidly rising country with a
population of over 220 million, begins with measuring and analyzing GDP. For both policymakers
and the government, GDP forecasting is crucial, and precise anticipated figures aid in the
development of better plans. Government policymakers commonly use GDP forecasting to raise
the standard of living for citizens, address unemployment and poverty issues, and other issues that
can be readily resolved with the aid of better policies.

Earlier studies forecasted economic time series using a variety of strategies. Univariate
forecasting, often known as the Autoregressive Integrated Moving Average (ARIMA) model
created 1)1] Box and Jenkins in 1970, is one of the methods. This method is well-liked since it has
demonstrated the capacity to forecast events with accuracy when all the requirements for its
application are met. The ARIMA model was used by Kenny et al. (1998) in one of their studies to
forecast inflation in Ireland. In the study, a workable methodology for calculating important
parameters, such as the integrated degree, the number of autoregressive terms, and the number of
moving average terms necessary for precise inflation forecasting, was presented. This study serves
as an example of how ARIMA modelling can be used to forecast Irish inflation. The
Autoregressive Integrated Moving Average (ARIMA) model has been widely used in research
projects to forecast a variety of economic indicators. Dongdong (2010) examined Chinese monthly
CPI data and discovered that an ARIMA (IQ, 1, 1(2) model producecl reliable {oyecasts, inclicating
that it might be used to inform monetary policy decisions. Using an ARIMA model, Kiriakidis and

Kargas (2013) accurately anticipated the Greek GDP recession. The consumer price index in

Bandar Lampung was predicted using ARIMA (1,1,0) by Kharimah et al. (201D), indicating that
the CPI will rise in the future. Using an ARIMA (1, 1, 1) model, Dritsaki (?015) preclictecl the real
GDP of Greece and noted consistent 8yowth. Yang and colleagues (9016) used ARIMA (Q, "2, Q) to
forecast China's Gross Domestic Product (GDP) Wabomba et al. (2016) correctlg predicted the
annual returns of Kenyan GDP using ARIMA models. ARIMA was used by Uwimana et al. (2018)
to forecast GDP growth in African economies until 2050. Agrawal (2018) employed ARIMA to
anticipate India’s real GDP, and the long~term outcomes were consistent. The ARIMA (L Q, 1)
model was finally found to be suitable for predicting the Egyptian GDP until 2026 by Abonazel
and Abd-Flftah (9019).

In a 2007 studg, Samimi, Shirazi, and Fazlollahtabar used artificial neural networks and the
exponential smoothing technique to forecast Iran's GDP. They used these technigues to anticipate
the GDP for the years 2004 and 2003 using quarterly data from 1998 to 2003. Their study's
findings demonstrated that using neural networks to forecast GDP produced better results than
using other techniques.
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Dong and Zhu (2014) made an effort in their 2014 study to predict the per capita GDP for eight
regions within China's Yunnan Province. They utilized the exponential smoothing method and the
corrected exponential smoothing method to forecast the variable under investigation. The
outcomes demonstrated the superior performance of the modified exponential smoothing model
(MESM). Recent studies have advanced hybrid decomposition, deep learning, causal estimation,
and machine~learni118~basecl forecasting for complex environmental and time-series applications
(Qureshi et al, 2025; Abbasi et al, 90(26; Noor et al, 9026). These approaches have also been
applied to causal and climate-related forecasting problems (Ahmad et al, 2026; Abbas et al,
9096) In order to forecast the indices of economic 8rowt11 in Turkeq, Oral (QOIQ) cornpared the
available exponential smoothing algorithms in order to identify the best approach. According to
the study’s findings, the best method for predicting the seasonal patterns shown in Turkey's
economic development indices is the Holt Winters smoothing exponential model. Recent studies
have demonstrated the increasing application of time-series and machine-learning methods to
Pakistan~specific economic, social, and environmental pro]alems (Rashicl et al., 9025, Muqaclclas
&~ Tulain, 9096, Sofia et al, 9026) In contrast to conventional economic {orecasting models,
machine learning methods place a higher priority on accurate prediction without predefined
assumptions or judgements. Due to their improved predictive skills and technical developments,
theg provicle more ﬂexil)ilitg and have been Wicleh] embraced across numerous domains.
Plakandaras et al (9015) proviclecl an example of how machine leayning technologies
outperformed conventional econometric models in terms of projecting US property prices. Studies
on inflation {oyecasting carried out l)LJ Medeiros et al. (2019) and Inoue and Kilian (9008) provicle
evidence that these models have also proven their efficacy in low-frequency data sets. Their
capacity to generate accurate projections has contributed to their expanding use in a variety of
industries, including forecasting of traffic patterns and property prices.

Auvtificial neural networks (ANNs) are frequently employed as effective forecasting models in a
variety of sectors, inclucling economics, business, finance, energy, and hgclrologg. Theq are
accepted as reliable and frequently used methods for prediction problems. Analysing the
relationships between input and output variables forms the basis of ANN models, which makes
them appropriate for examining seasonal time series data. Researchers have expressed a lot of
interest in using ANNs to forecast occurrences in several fields. Studies in fields like economics,
finance, and hydrology have drawn attention to this statistical method, demonstrating how well it
can identify intricate patterns and make precise forecasts. By collecting latent characteristics of
the population, input variables in forecasting models play a critical role in producing precise
forecasts. The neural network approach'’s capacity to simulate nonlinear interactions without prior
knowledge of their nature enables accurate function approximation and is one of its primary
advantages. This sets it apart from methods like ARIMA and linear regression, which depend on
linearity and might not be appropriate for all types of real-world data. Similar outcomes can be
obtained using neural networks as opposed to more conventional methods like (seasonal) ARIMA
models. Ali et al. (2020) examined regime shifts and seasonal forecasting of monthly temperature
in Karachi, highlighting the importance of accounting for changing temporal patterns in climate
series Additionally, neural networks are capable of handling the forecasting of multivariate time
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series, where causal and cointegration investigations are crucial for modelling and prediction

purposes.

The hybrid ANN-ARIMA model has three main iterations in the literature. The models run an

ARIMA model on a set of time series data before comparing the anticipated data to the actual
data and taking into account any errors. Zhang (2005) suggests using an additive Autoregressive
Integrated Moving Average-Artificial Neural Network (ARIMA-ANN) model to include a non-
linear component. The Wolf sunspot data, Canadian lynx data, and exchange rate data between
the British pound and the US dollar are the three unique datasets that this model is used to
analyse. Within the ANN framework, several simulations and methodologies are used to look

over and evaluate these datasets.

It is crucial to recover these properties from the data in order to capture both the linear
autocorrelation structure and non-linear component inherent in time series data. A suggested
strategy, as suggested in the Khashei (2012) study, is using the ARIMA linear model residuals to
derive knowledge about the non-linearity. Then, for modelling purposes, this data can be put into
an Artificial Neural Network (ANN) The same datasets—the Wolf sunspot clata, the Canadian
lynx data, and the exchange rate data between the British pound and the US dollar—are used to
test the generalised hybrid ARIMA-ANN model that is introduced in the article.

Methodology

The data consists of GDP along with per capita income and growth annual change from 1960 to
2022 which are available on the website of Macrotrends
(httpsz www.macrotrends.net/ countries/PAK pakistan gdp~;§ross~domestic~product).

Methods

Autoregressive Integrated Moving Average

The statistical technique known as ARIMA (Autoregressive Integrated Moving Aveyage) is
frequently used for forecasting and time series analysis. To identify the underlying patterns and
trends in data, it combines moving average (MA), differencing (I, and autoregressive (AR)
components. This makes it possible for researchers to make precise predictions and get insighttul
knowledge about the behaviour and course of the time series data they are studying. The general
autoregressive integrated moving average (ARIMA) process is of the form

Wt == Olet_l + -+ ath_p + Zt + -+ ﬁth_q

Where a4, ..., ap and f, ..., ﬁq are the coefficients of auto regressive (AR) and moving average
(MA) process respectively.

The above equation can be written as

¢(B)(1 - B)*X, = 0(B)Z,
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Double Exponential Smoothing

It is possible to manage time series data with trends using double exponential smoothing, an
extension of the standard exponential smoothing method. When the data shows both a trend and
a level component, it is especially powerful. Two smoothing factors are used in the procedure, one
for capturing the level and the other for capturing the trend. It can create forecasts that include
both short-term fluctuations and long-term trends by using a weighted average of previous
observations, level, and trend estimations. The general form of double exponential smoothing is of

the form

Be = B(s¢ —s¢-1) + (1 — B)br—4

Where S, S;_1 are smoothed statistic and previous smoothed statistic respectively. @ is the
smoothing factor of data which lies between 0 and 1.

Multilayer Perceptron (MLP)

A fundamental and popular artificial neural network model in the fields of machine learning and
pattern recognition is the multilayer perceptron (MLP). It is made up of numerous layers of
interconnected nodes, also referred to as synthetic neurons or perceptrons.In an MLP, each neuron
gets input from the layer before it and uses a nonlinear activation function to produce an output.
An input layer, one or more hidden layers, and an output layer are the standard layers that make
up a system. By modifying the weights and biases of the connections between neurons through a
process called ]oackpyopagation, MLPs may learn complex patterns and correlations in data. The

8eneral form of MLP model is given as

a=¢ ijxj+b
J

Where X j are the inputs to the unit, W;j are the weights, b is the bias, Qis the nonlinear activation

)
function, and @ is the unit’s activation.

Neural Network AutoRegressive (NNAR)

The Neural Network AutoRegressive (NNAR) model is a state~of~the~art method for time series
analysis and machine learning. In order to capture complicated temporal connections and
generate precise predictions, the NNAR model combines the strength of neural networks with the
autoregressive framework. Its adaptability and capacity for dealing with non-linear correlations
make it a crucial instrument in the field of time series analysis, allowing researchers to gather
insightful knowledge and make defensible decisions based on precise forecasts. A NNAR model

. . . . . . . . ' .
uses an activation function and a linear combination function. These formations functions are

defined as.
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netj = Z Wl]yl]
i

f(Y)=m

Hgbrid model

The hybrid model, which combines Autoregyessive [ntegrated Moving Aveyage (ARIMA) and
Artificial Neural Networks (ANN), is a novel strategy that makes use of the aclvantages of both
appyoaches to improve time series forecasting. While ANN can handle Complicatecl nonlinear
interactions and capture nuanced patterns, ARIMA captures the linear dependencies and
autoregressive character of the data. In this hybrid model, initial predictions are made using the
ARIMA model, and the ANN is subsequently fed with the residuals between the expected and
actual values. By learning and modelling the nonlinear relationships inside the residuals, the
ANN significantly improves the predictions. The hybrid model attempts to increase the accuracy
and resilience of time series forecasting by combining the advantages of ARIMA and ANN.

Results and Analysis
Analysis and forecasting is performed using RStudio, jupyter notebook and minitab software.

ARIMA

Time Series Plot of GDP of Pakistan
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Figure l: Time series plot of GDP

Avutocorrelation Function (ACF), Partial Autocorrelation Function (PACF), and Augmented
Dickey-Fuller (ADEF) unit root test graphs were used to evaluate the stationarity qualities of the
data. The autocorrelation and partial autocorrelation patterns in the data were examined using
the ACF and PACEF graphs. The ADF test was also used to see if the data showed a unit root, which
would indicate non-stationarity. A first-order integration (difference) method was proposed to
convert the series into a stationary form in order to overcome non-stationarity.
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it

Figure 2: ACF and PACF plots of time series
Table I: Augmented Dicky Fuller Unit test

Partial ACF

08

02 02

PACF

Variable Observed Las order 1I#¢ difference Lag order 20 difference Lag order
ADF test ADF test ADF test
GDpP 16567 3 -49602 5] -0.0442 3

The outcome indicates that the data is non-stationary because the p value is higher than the 0.05

level of significance that was specified.

Time Series Plot at first difference

80

Difference

20 0 20
I

T T T T T T T
0 10 20 30 40 50 60

time

Figure 3: Time series plot at I+t difference
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Figure 4: ACF and PACF plots at first difference
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Time Series Plot at 2nd difference
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Figure 3: Time series plot at 2= difference
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Figure 6: ACF and PACF plots of 2d difference
Table 2: All possible ARIMA models

ARIMA model AIC
222y 4508448
121 40690115
122) 4815422
22)) 466.6087

After examining all of these potential models, we contend that the ARIMA (Q, Q, Q) model, whose
AlIC is lowest, is the optimal model for predicting.

Table 3: ARIMA (Q, Q, ?) model estimates

ARIMA model (2,2,2)

Type Coefficient SE(Coef)
AR1 09929 01172
AR2 -08494 00857
MA1 -16353 01597
MA?2 07847 01482
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Figure 8: Residuals normal probability plots
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Figure O: Histogram of residuals
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Figure 10: Original vs predicted time series plot
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Forecasts

GDP
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Figure 1I: Time Series plot of Forecast GDP for the year 2023 — 2052
Table 4: Forecast for the year 2023 to 2052 at 95 % limits.

Years Forecast Lower Upper
2023 4538594 4552076 4724715
2024 4493195 4179032 480.7557
2025 4251575 3884894 4617857
2026 418.5584 3804690 456.2471
2027 4455578 406.6885 4844275
2028 4017124 4487165 5547084
2029 5278269 4744650 5811889
2030 5578755 4716156 6041514
2031 5505655 4559615 6071696
2032 5281677 4444015 6119542

Double Exponential Smoothing

Smoothing Plot for GDP
Double Exponential Method

1200

1000

Smoothing Constants
800+ Alpha (level) 1.65239
Gamma (trend)  0.08298

o

8 600 4 A Accuracy Measures
MAPE 8.116
MAD 6.241
400+ MSD 128593

2004

T T T T T T T T T T
1 8 16 24 32 40 48 56 64 72 80
Index

Figure 12: Time Series plot of forecast GDP for the year 2023 - 2052
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Table 3: Forecast for the year 2025 to 2052 at 95% limits.

Years Forecast Lower Upper

2023 452146 456.805 46744
2024 469645 453200 506.00
2025 487140 420625 54466
2026 504.658 425041 583.33
2027 522135 422250 62202
2028 539652 418556 660.71

2029 557129 414860 69940
2030 574627 411162 75809
2031 502124 407464 7(6.78
2052 609.621 403.766 81548

Multilag er Perceptron (MLP)

(3) (5) Output

— Ornginal
—— Predicted
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|
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I
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Figure 14: Original vs predicted time series plot
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Forecasts from MLP
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Figure 19: Forecasts from MLP for the year 2023 to 2032
Table 6: Forecast for the year 2023 to 2052.

Years Forecast

2023 428.0039
2024 4301770
2025 4671455
2026 5157365
2027 520.6469
2028 5384071
2029 5315743
2050 590.1146

2051 5085942
2052 6221755

Neural Network AutoRegressive (NNAR)

Forecasts from NNAR(1,1)

1960 1980 2000 2020

Figure 16: Forecasts from NNAR for the year 2023 to 2052
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Table 7: Forecast for the year 2023 t0 2032.

Years Forecast
2023 4078966
2024 40355239
2025 400.7285
2026 3089166
2027 3977325
2028 396.9558
2029 3964402
20350 396.1005
2051 5058755
2052 3057264
Hgbrid model

FORECASTED DATA
400 /
300 /\ \/

/

]

GDP
8
(=]
=

1960 1970 1980 1990 2000 2010 2020
Date

Figure I7: Forecasted data using Hybrid model
Accuracy measures

Numerous researchers used various accuracy measures and statistical tests to evaluate the
effectiveness of prediction models in the literature. Howevery, in this study, we first employ three
accuracy mean errors, such as the root mean sguare error (RMSE), the mean absolute error (MAE),
and the mean absolute error percentage (MAPE), for the suggested evaluation of all sixteen
combination models. The following are the mathematical equations for these mean errors:

I jzz;l(xi — 2)?

n
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MAE = ?=1|9?_xi|

1 - X; — fi
MAPE = —Z |
n pr X

Table 8:Model Comparison

Model RMSE MAE MAPE
ARIMA 0.042259 5602782 1825547
Double Exponentia.l Smoothing 11.540001 6.241 8116
Multilag er Perceptron (MLP) 5076445 3.043556 10.35367
Neural Network AutoRegressive (NNAR) 1245706 6479029 8417001
Hybrid model 16.11520 8451237 —

Conclusion

In conclusion, this study intended to create projections for the years 2023 to 2052 in order to offer
useful insights into Pakistan's real GDP growth. Based on data spanning from 1960 to 2022, many
forecasting models, including Autoregressive Integrated Moving Average (ARIMA), double
exponential smoothing, multilayer perceptron (MLP), and a hg]oricl model, were used. RStudio,
Jupyter Notebook, and Minitab tools were used in this research project for analysis and
forecasting. The multilayer perceptron (MLP) within the artificial neural network framework was
found to best model through comparative study. The evaluation of root mean square error (RMSE)
and mean absolute error (MAE.) among the many models taken into consideration served as the
basis for choosing the best-fitted model. The outcomes show that machine learning technicques
perform better than conventional forecasting techniques. When compared to traditional methods,
the use of machine learning algorithms produced more precise predictions, proving their better
performance. This result underlines the significance and value of incorporating machine learning
into forecasting. Machine learning enhances decision-making across a variety of sectors by
utilising cutting-edge computational approaches and the power of data-driven algorithms. The
results of this study help to improve forecasting procedures and demonstrate how machine
learning has the ability to produce predictions that are more accurate in practical situations.
Future research could further explore advanced molecular featurization and attention-based

representation learning to improve the modeling of complex climate properties (Ali, 2026; Ali &
Mohlenkamp, 9026, Ali & Bano, 9096)
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