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ARTICLE INFO ABSTRACT

Keywords: Export trade is a pivotal driver of economic growth and stability in any
nation, including Pakistan. Accurate modelling of export trade holds
immense significance as it allows for informed decision-making and
strategic planning. By employing advanced techniques like machine
learning alongside traditional time series models, we can gain deeper
insights into the dynamics of exports, anticipate trends, and adapt policies
*Corresponding Author: |and strategies accordingly. This study focuses on comparative study of
Moiz Qureshi different machine learning and time series models in forecasting the
moiz@stat.qau.edu.pk [exports trade of Pakistan. The dataset used in this study spans from 1972 to
2021, containing yearly data on exports (% of GDP) for Pakistan. This
study focuses on employing various machine learning models, including the
MLP model, ELM model, and classical time series models like ARIMA and
Exponential smoothing, to model and forecast the exports of Pakistan. The
model that best met the KPI criteria was chosen as the optimal candidate
for predicting the behaviour of the exports trade data. The outcomes of the
study concluded that MLP model outperformed in performance metrics,
with MSE = 0.49, RMSE = of 0.70, MAE = 0.53, and a MAPE = 4.27.
among all alternative models, including the Extreme Learning Machine
model, ARIMA model, and Simple Exponential Smoothing. Our study
highlights the effectiveness of the Multi-layer Perceptron (MLP) model as a
valuable tool for forecasting exports. Its accuracy empowers policymakers
to make well-informed decisions, ensuring a more sustainable and
prosperous economic future.
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Introduction

Export modelling holds significant importance as it provides important insights and
predictions related to international trade activities for nations and companies. For companies
engaged in global trade, export modelling plays a vital role in devising effective business
strategies. Organisations can make informed decisions regarding production capacity, inventory
management, market expansion, and pricing strategies by understanding future export trends.
Precise export modelling empowers these companies to anticipate changes in demand and supply
patterns, thereby aiding, optimising logistics operations, supply chain management, and reducing
inventory costs. Researchers have successfully utilised different modelling techniques, such as
multivariate time series analysis, ARIMA, VAR, SVR, and ANN, to examine and forecast
various aspects of exports in other regions. It highlighted the critical export role in the economic
growth of non-oil developing countries and emphasised the need to increase exports to address
the balance of payments issues Bond (1985). Extended demand and supply functions to test the
relationship between exports and imports Khan & Knight, (1988). Also, it investigated the long-
run convergence of import and export patterns in 50 countries and found stable relationships in
57% of low-income countries Arize (2002). Three categories are employed for each export and
import, assuming Pakistan's export demand is exogenous Naqvi et al. (1983).

Various studies were conducted on Pakistan's export performance, estimated elasticities
of export demand, and supply for primary and manufactured exports from 1959 to 1980 (Anwar,
1985). In addition, the simultaneous equation model proposes exploring the relationship between
economic growth, exports, and other macroeconomic variables Afzal (2004). It is concluded that
the economy has driven exports more than exports have driven the economy (Afzal & Ali, 2008).
They also examined the impact of the real exchange rate, income, import prices, and foreign
exchange reserves on import demand in Pakistan from 1980 to 2008.

The study Ghafoor (2005) analysed the trade pattern in Pakistan from 1971 to 2003 and
forecasted imports and exports up to 2010, employing ARIMA modelling and a log-linear
model. Moreover, various research focused on forecasting Pakistan's exports to SAARC
countries, using the univariate ARIMA model by Box and Jenkins Mehmood & Ahmad, (2012)
Besides the evidence of export's positive and significant impact on Pakistan's economy was
provided by Javed et al. (2012). Likewise, the imports and exports of Pakistan from 1947 to 2013
were forecasted by using the Box-ARIMA Farooqi (2014). The impact of exports on Pakistan's
economic growth, utilizing time series data was examined from 1972 to 2014 (Ahmad et al.
2017). On the other hand, the impact of exports on the economic growth of Pakistan and India
from 1990 to 2016 was studied, employing unit root tests Khan & Khan, (2020).

The performance of autoregressive models was compared with seasonal dummies and the
Box-Jenkins Approach for the fiscal year 2020 Daniyal, et al. (2024). Also, the forecasting
accuracy of ARIMA, regression, and neural network models was compared by focusing on
exports, population size, wheat area, and production as factors Ghauri et al. (2020). Numerous
alternative approaches were utilized, including exponential smoothing, ARIMA, VAR, Engle-
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Granger, and vector error correction models, to forecast agricultural exports and imports in South
Africa Abd-Elaal et al. (2013).

This work investigates how Deep Learning (DL) methods can improve prediction
accuracy through a systematic analysis of data from the CEIC Information Global Database
Yousfani et al. (2024).

This study uses a quantitative research methodology because it allows for a larger sample
size, greater objectivity, and accuracy. Utilizing VEC and ARDL, macroeconomic data from
1980 to 2019 was procured from the Tanzania Bureau of Statistics and the World Bank to assess
the impact of trade liberalization on export outcomes Ghauri et al. (2020). The goal of this study
is to analyze the US exchange rate, imports, and exports' time series features. The existence of a
co-integrating link between exports, imports, and the exchange rate is empirically investigated in
this work Qureshi et al. (2020). Using 58 international trading partners, this study tests the
factors that influence prospective export markets for Pakistan's textile, clothing, and apparel
exports. To examine the influence of particular macro and political factors on export flow, the
gravity model is evaluated using modern panel econometrics Khan & Khan (2020). This study
investigates the fluctuations in macroeconomic factors that impact Pakistani imports (Mehmood
& Ahmad, 2012). In this work, time-series data covering the years 1960-2010 are used to apply
the ARIMA model to examine trade patterns and predict future trends in the context of Pakistan
Mehmood & Ahmad (2012). By utilizing (AR) with seasonal dummies and Box-Jenkins
methods, two econometric models will be evaluated in order to anticipate imports and exports for
the fiscal year (FY) 2020 Khan et al. (2024).

The primary aim of this study is to employ Machine Learning (ML) models for modelling
Pakistan's export trade, with a focus on forecasting future export trends. The main research
hypothesis centers around the effectiveness of Multilayer Perceptron (MLP) models in accurately
predicting Pakistan's future export trade. The objective can be framed as follows:

1. MLP does not forecast the export trade of Pakistan effectively
2. MLP model forecasts the export trade of Pakistan effectively

The study's structure involves several key sections. Section 2 literature review, section 3
discussed the comprehensive analysis of the data and materials used in the research. In Section 4,
the research methodology is elaborated, along with the selection and explanation of different
models employed in the study. Section 5 presents an in-depth exploration of data pre-processing
techniques and processing procedures. Lastly, Section 6 is devoted to discussing the results
obtained from the models and their implications for policy-making decisions.

Literature review

Machine learning is being used for univariate time series forecasting. However, few
research compares their prediction accuracy to established statistical methods. In 1996, Hill et al.
compared statistical methods to multi-layer perceptrons. The neural network method much
outperformed the latter. Using M3 competition time data, Ahmed et al. (2010) compare multiple
machine learning methods for this assignment. Their findings show that multi-layer perceptron
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and Gaussian processes predict best. These techniques were not compared to ARIMA or
exponential filtering. Cerqueira et al. (2019) studied statistical and machine learning forecasting
models in a unique case study. They found that subsequent methods had a higher average rank
(predictive performance). Rules-based regression, a Quinlan's model tree variant, has the greatest
average rank among 62-time series. Makridakis et al. (2018) use many statistical methods to
improve on Ahmed et al. (2010). They found that most statistical techniques beat machine
learning for univariate time series forecasting. Both single-step and multi-step forecasts show
this effect. The nearest neighbor method, decision trees, support vector regression, Gaussian
processes, and neural networks are examined. Statistical methods such as ARIMA, naive,
exponential smoothing, and theta are used. Although Makridakis et al. (2018) increased their
comparison study, we argue that their sample size is biased. A huge dataset of 1045 M3
competition time series is used. However, each time series is tiny. The average is 116
observations. Our working hypothesis is that machine learning cannot develop a generalizable
regression function under these conditions.

In Pakistan, Igbal et al. (2010) examined the causal link between economic development,
import and export, and foreign direct investment. From 1998 to 2009, they used quarterly time
series data. VECM co-integration was employed to test causation. Malik et al. (2010) assessed
economic growth and foreign debt. Pakistani 1972—2005 time-series data is utilized. GDP was
the output variable, whereas foreign debt and debt servicing were inputs. Traditional OLS
modeling confirmed this connection. The study found that foreign debt and debt services hurt
GDP growth. Rising foreign loans and debt payments reduce economic growth. Chani et al.
(2011) examined inflation and economic growth to support widespread poverty. Annually, time
series data were utilized from 1972 to 2008. Destitution was an output variable, with GDP,
investment, trade openness, and inflation as inputs. Study participants took the ARDL restricted
exam. This study found long-term links between economic progress, trade liberalization,
poverty, investment, and inflation. Economic growth hurt poverty, while inflation helped. The
impact of commercial liberalization on poverty was limited.  Hussain and Malik studied
inflation and Pakistan's economy in 2011. They were paid annually to review data from 1960 to
2006. Data was estimated using the threshold model, ECM, and Granger causality test. This
investigation found favorable correlations between inflation and economic growth. One-way
link: inflation drives economic growth but not economic growth creates inflation. In the short
run, ECM results showed inflation is not balanced. The threshold model implied inflation above
the threshold, which slowed economic development. Pakistan maintained its inflation rate to
avoid an economic development-related spike. Economic progress, trade liberalization, and
foreign direct investment in Turkey and Pakistan were examined by Klasra (2011). They were
anticipated to utilize 1975-2004 annual time series data. GDP was the outcome variable,
whereas FDI, exports, and trade openness were inputs. Research was explored using ARDL
modeling. The study found a bidirectional causal association between exports and trade openness
in Pakistan and FDI in Turkey. Pakistan's long-term nexus findings support trade openness and
growth, whereas Turkey's growth-driven export hypothesis is verified. Abbas (2012) examined
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Pakistan's GDP-exports relationship. From 1975 until 2010, they used data. They tested long-
term and short-term causation with the Johansen co-integration and Granger causality tests. The
study found short- and long-term unidirectional causality. Building local production facilities and
encouraging investment are essential. Sultana et al., (2013) predicted Pakistani inflation and
growth using time series. Monthly time series data from July 2008 to June 2013 was used. They
predicted inflation and economic development using ARIMA and decomposition. MAD and SSE
were employed to evaluate their performance. They found that the ARIMA model predicts
inflation and economic growth better than decomposition. Ali and Abdullah (2015) examine
Pakistan's trade openness and economic progress. They were requested to investigate 19802010
using time series data. Real GDP, gross fixed capital formation, financial development, and
secondary school enrollment were output variables. The short-term nexus was analyzed using
Johanson co-integration, Granger causality, and vector error correction. GDP growth and trade
openness exhibited a short-term positive association, but trade liberalization had a 20% negative
impact on economic growth. Selling raw materials instead of completed things causes this.
Pakistan's economic growth, financial development, and foreign commerce were investigated by
Gokmenoglu et al., (2015). Their research employed 1967-2013 annual time series data. Inputs
were imports, exports, money supply, domestic lending to private institutions, and private sector
credit, and output was economic growth. The co-integration test and Granger Causality approach
examined variable relationships. The study found a long-term link between economic growth,
financial development, and international trade. The causality test showed that financial
development affects economic growth and imports. The results showed that government
financial development aid would stabilize economic growth. Jebran et al. (2018) examine how
trade terms affect Pakistani economic development. Time series data from 1980 to 2013 was
used. GDP per capita was an output metric, including gross capital creation, total labor, income,
and net barter terms of trade as inputs. They predicted short- and long-term economic growth
using the ARDL bound model. The study found that labor boosts economic growth in the short
and long run. Capital had a substantial and positive long-term impact on economic growth, but it
had little immediate impact. Trade terms hurt short- and long-term economic growth. Twenties
Trade conditions affect economic development, thus economic regulations are important,
according to studies. Financial inclusion and Pakistan's economic progress were examined by Ali
et al., (2019). This study employed 1985-2017 time-series data. They utilized annual real GDP
growth as an output variable and financial inclusion index, investment, inflation, and trade
openness as independent factors. They estimated with the ARDL bound test. This study found
that financial inclusion boosts economic growth in the short and long run. Rural and female
Americans need financial awareness. Talib and Fan., (2019) examined Pakistan's long-term and
short-term economic development, industrial production, and energy consumption Qureshi and
Ahmed (2022). Time series data from 1981 to 2014 was used. GDP per capita, industrial
production, and energy consumption per capita were their output and input variables. They
assessed these measures' long- and short-term connections with Granger causality using the
autoregressive distributed lag (ARDL) bound approach. According to this study, economic
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growth increases industrial production and energy consumption over time. Granger causality
results show that economic growth and manufacturing output were unidirectional, whereas
manufacturing output and energy consumption were bidirectional. According to Yousfani, K., et
al., (2021) GDP, foreign trade industrial production used to explain variations in real economic
growth. Awan and Qasim., (2020) examined Pakistan's economic development and external debt.
They utilized 1980-2017 time-series data on GDP, foreign debt exports, imports, yearly
population growth, gross capital formation, and debt services. They examined variable
correlations using ARDL and Error Correction Models. Debt services, import volume, foreign
debt, and population growth rate all hurt GDP, the study found. Exports, labor force
participation, and gross capital creation boosted GDP. Pakistan must reduce foreign debt and
boost production, exports, and taxes. Sabri (2023). Predicting Pakistan's macroeconomic
indicators using conventional and artificial network interpolation. Gross domestic output
(volume, NGDPD) and total investment were projected from 2013 to 2023. Analytical
procedures include moving averages, exponential smoothing, Brown's single-parameter linear,
Brown's second-order exponential, Holt's two-parameter linear, and decomposition Ramzan and
Qureshi, (2022). The study examines how well the artificial neural network model predicts long-
term economic drivers and compares it to time-series data sets (Ahmed & Hussain, 2022). This
study proposes a wheat production forecasting model using machine learning. The northern
wheat-growing regions of Pakistan are a case study because of their importance to the
agricultural industry. The best attribute subset for agricultural production was selected from five
years of data. Our findings confirm machine learning algorithms' prediction capacity on a limited
crop dataset. This discovery might be applied to different crops and regions. Khan (2022).
Pakistan's inflation and exchange rate figures from January 1989 to December 2020 are
anticipated in this study. SVM, polynomial regression, ANNSs, and k-nearest neighbor were
employed in this investigation Qureshi et al., (2022). The training set featured data from January
1989 to December 2018, used to train machine algorithms, while the test set contained data from
January 2019 to December 2020, used to assess machine learning. RMSE and MAE were
utilized to evaluate the algorithms in this study. ANNSs exhibited the lowest RMSE and MAE of
all research techniques. The test set demonstrated that polynomial regression (degree 1) and
ANN outperformed SVM and KNN for inflation rate analysis and forecasting based on error
prediction (Saeem et al., 2021). This article suggests using sentiment analysis on Twitter
"tweets" to estimate currency exchange rates using machine learning. Data from a currency
website and Pakistani company tweets with finance-related terms was used to construct a dataset
of USD-PKR exchange rates. Data preparation was used to send the raw dataset to natural
language processing. Response variables in the standardized dataset were labeled as "1" for a rise
and "—1" for a decline in the exchange rate. Principal component and linear discriminant analysis
were utilized to represent the dataset in three-dimensional vector space. The sampling-based
clusters were employed for data optimization. Five machine learning classifiers (random forest,
bagging, naive Bayes, and support vector machine) were used to examine the optimized dataset
The simple logistic classifier estimates USD and PKR exchange rates with the maximum
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accuracy of 82.14% (Khan et al. 2021). The transforming patterns of ancient Chinese agricultural
development and fruit production are examined using key crop production data from 1980 to
2050 and a range of fruit production data (apples, avocados, citrus fruits, pears, and grapes). This
analysis predicted future fruit production using Chinese production statistics. Chinese National
Bureau of Statistics data on total fruit growth output for the relevant timeframe is used to predict
future fruit production using deep neural networks Qureshi et al. (2023). A variance-based
generate output accuracy formula gives the proposed method 95.56% accuracy. The primary aim
of this study is to employ Machine Learning (ML) models for modeling Pakistan's export trade,
with a focus on forecasting future export trends. The main research hypothesis centers around the
effectiveness of Multilayer Perceptron (MLP) models in accurately predicting Pakistan's future
export trade Iftikhar et al. (2023). The hypothesis can be framed as follows:

Ho: MLP does not forecast the export trade of Pakistan effectively

Hi: MLP model forecasts the export trade of Pakistan effectively

Data and Materials

This section focuses on the methodology and concepts employed in modelling exports as
a percentage of GDP in Pakistan. The data was collected from the World Bank website
(https://data.worldbank.org/indicator/NE.EXP.GNFS.ZS?locations=PK), specifically the yearly
data on Pakistan's exports of services and goods as a percentage of GDP from 1972 to 2021.
Forecasting equations are statistical functions utilized to predict the unpredictable behaviour of a
phenomenon, which aids in decision-making. These equations make use of past information,
such as the lagged variable y;_;, to predict the present value Yt and understand this behavior.
The objective is to find a mathematical function F that effectively captures the inputs and
produces the desired output. In this study, the conventional Box-Jenkins methodology, ETS
(Error, Trend, Seasonality), machine learning models, and extreme learning models were utilized
as modeling approaches. These techniques were applied to analyze and forecast the exports as a
percentage of GDP in Pakistan.

Research Methodology

Modelling and contrasting machine learning models with traditional modelling
techniques is the primary goal of this research. Data sets for testing and training have been
separated from the overall data. Examining the stationarity is the first step in the underlying
study. Subsequent analysis will be conducted if the data remains uniform at level 0. The first
difference between Yt and Y(t-1) will be used to make our series stationary if it fails to be
stationary. To verify if the series is stationary, the dickey-fuller (ADF) test is going to be used.
The ACF and PACF analyses, which are graphical representations, are part of the process of
identifying the candidate model. The next step is to choose the best candidate models among the
different models that satisfy the mentioned model selection criteria. The data has been split into
80% training and 20% testing.
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Box-Jenkins ARIMA model

Generally, auto-regressive models in time series analysis combine with integrated
moving average models to create a new type of time series model known as auto-regressive
moving average (ARIMA) models. The representation of ARIMA model is represented as
ARIMA (p,d,q), where p denotes the AR order, d is the differenced trend, and q is the moving
average order. While the resultant variable Y; varies in a linear manner on both its past and
present stochastic terms, the model MA (q) model indicates that the outcome variable Y relies
linearly on its prior values and its most recent residuals g; (Stochastic term) Iftikhar et al. (2024).
ARMA (p,q) models, which combine the MA and AR models, are the precursors of the (ARMA)
model. The following equation serves as a general representation of the ARMA model.

Ye=a+U; Yoy + U Yep + o+ Up Yep + 6 — D181 — D282 — - — Dg€iq 1)

Simple Exponential Smoothing (SES)

The most basic type of exponential smoothing, known as SES, is appropriate for time
series data that lacks seasonality or a trend. It utilizes an optimization parameter (alpha) to
regulate the rate of decay and gives historical observations exponentially decreasing weights.
The following is the formula for SES Tawiah, Daniyal, and Qureshi (2023).

Forecast; = a * Observation at timet + (1 — a) * Forecast,_, 2

Multilayer Perceptron (MLP) approach

A popular kind of ANN for supervised learning tasks like regression and classification is the
Multi-Layer Perceptron (MLP). To produce the desired output, MLP transforms the input data
using numerous layers of interconnected nodes, or neurons. The network is called a "perceptron”
because it is modelled after the structure and function of the biological neurons in the human
brain. The network can be expressed mathematically in the following form;

K N
y = fs [Z W?k (fz Wlimun + bn)
k=0 n=0

Given that the activation function of the middle layers is fis and the resultant layer activation
function is fs, the network inputs u, represent the bias of the network b,. The intermediate layer's
weight is denoted by wi,, the output signal by y, and the output neurons' connections by w?, .
Figure 2 illustrates the MLP model's diagrammatical structure.

(3)
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Figure 2. Structure of Multilayer perceptron (MLP) with a m hidden layer
Extreme Learning Machine (ELM)

ELM is a machine learning algorithm that was proposed by Huang et al. in 2006. ELM is
one of a kind of feed-forward (NN) model that is characterized by its efficient training process
and fast computational speed.

The basic equation of an ELM model is represented as:

J=9 -W+b) (4)
where: Y represents the input data, which is N X d, a matrix of size, The numbers N and D stand
for the total samples and input characteristics, respectively.
W represents matrix of randomly generated input weights, with size d x L, where L is the
number of hidden neurons or nodes.

e b isabias vector of size 1 x L added to each hidden neuron.

e H is the hidden layer output matrix of size NxL, obtained by applying an activation

function g(.) element-wise to the linear combination of inputs and weights.

e ( is the matrix of output weights, with size L X K, where K is the number of output

classes or regression targets.

e Y isthe output matrix of size N X K, representing the predicted outputs.

The main idea behind ELM is that the input weights (W) and biases (b) are randomly
assigned and fixed during the training phase, allowing the network to be trained quickly Qureshi
et al. (2023). The only weights that need to be determined are the output weights (C), which can
be efficiently computed using a least squares method:

C=(HT-H)—-1-HT-Y (5)

Once the output weights are calculated, the model can be used to make predictions by

applying the equationY = H.C.
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Key Performance Indicators (KPIs) for Model Selection

To evaluate the performance of all forecasting models, we employed MAE, RMSE, and
MAPE as the criteria for model selection; They have the following expressions.

MSE = %Z?=1(yt —$)? (6)
n
1 .
MAE = EZD’t — V¢l (7)
t=1
1 n
RMSE= |- (=90 (®
t=1
1% %
MAPE=—Z Ye Yt 100 (9)
n Xt

t=1
Results and Discussion
The study begins by analysing the time series plot of export data from 1972 to 2021 as in

Figure 2. The visual representation of the series shows that the graph is non-stationary. The
Dickey fuller test will be applied to check whether the series is stationary at level (0).

Yearly Export Rate(%)Data

=

g

> © 4 Export Rate Data
o

[ I

(]

g oo

L o

[ — |

i

= _

8_ (18]
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(1971 - 2021)

Figure 1: time series plot of Exports of Pakistan from 1972 to 2021
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At level (0), the ADF- test statistic of -2.66, coupled with a p-value of 0.0879, establishes
that the time series is non-stationary. To make the series stationary, the first difference was
applied, and subsequently, retest the series using the ADF test.

ADF test on differenced Series

The first differenced series displays stationarity, as evidenced by the
ADF test statistic = -9.29
p-value = 0.000***,

Next, we construct the ACF and PACF correlogram to identify potential candidate
models for the time series. In this study, we explore four different models, two of which are non-
linear, while the other two are linear models. The selection process aims to compare and
determine the most suitable time series forecasting model. It is essential to note that linear
models necessitate the assumption that the data should be stationary, a condition not applicable
to non-linear models Daniyal et al. (2024). Thus, the choice of model depends on the stationarity
characteristics of the data. The four models discussed in this study are employed for modelling
and predicting the data, leveraging the data-splitting technique. Specifically, the dataset is
divided into two sets: the training data and the testing data. The training set encompasses 80% of
the data, while the remaining 20% constitutes the testing set, facilitating model evaluation and
validation.

Table 1: MSE, RMSE, MAE, and MAPE criterion for MLP, ELM, ARIMA, and SES
(Training dataset = 80%0)

Models MSE RMSE MAE MAPE
MLP 0.49 0.70 0.53 4.27
ELM 0.99 0.98 0.85 6.95
ARIMA 2.10 1.45 1.11 8.88
SES 3.17 1.78 1.27 10.78

Table 2: MSE, RMSE, MAE and MAPE criterion for MLP, ELM, ARIMA, and SES
(Training dataset = 20%)

Method MSE RMSE MAE MAPE
MLP 10.41 3.23 3.60 22.33
ELM 11.46 3.39 3.60 22.90
ARIMA 14.90 3.86 3.59 25.92
SES 14.77 3.84 3.45 24.35

In this study, we first employed the Multi-Layer Perceptron (MLP) model on the export
dataset, configuring it with five hidden nodes and utilizing the sigmoid function. The model
processed the data with three input lags and featured one output layer Yousfani et al. (2024). The
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outcomes of the MLP model yielded outperforming performance metrics, with MSE = 0.49,
RMSE = of 0.70, MAE = 0.53, and a MAPE = 4.27. Subsequently, we applied alternative
models, including the Extreme Learning Machine model, ARIMA model, and Simple
Exponential Smoothing, to the export dataset, presenting their respective results in Table 1.
However, the comparison revealed that the MLP method consistently outperformed the other
models on the training dataset [Figure 2]. To further assess the models' capabilities, we subjected
them to evaluation on a separate testing dataset, and the testing errors for each model were
documented in Table 2. Once again, the MLP model exhibited remarkable superiority, yielding
the lowest MSE, RMSE, MAE, and MAPE values of 10.41, 3.23, 3.60, and 22.33, respectively
Iftikhar et al. (2024). Graphical representations of all the methods were also included in
Appendix A for comprehensive visualization and comparison. Furthermore, we provide a sample
of the test data observations in a table and utilized the models to generate forecasts. Notably, the
MLP method showcased random forecast point estimates and demonstrated the least errors when
compared to the other methodologies, reaffirming its outstanding forecasting performance
Qureshi et al. (2022).

Based on these findings, we can confidently state that the MLP method offers an efficient
approach for forecasting export data, as it consistently yields the lowest errors when compared to
the alternative models.

Table 3: Point Forecast for all candidate models for the testing dataset

Test data MLP ELM ARIMA SES

13.97 9.052995 9.170806 9.113374 9.121474
12.42 9.135353 9.399501 9.323085 9.423453
8.58 9.125757 9.510248 9.315365 9.924456
12.24 9.143159 9.508642 9.156639 9.825544
10.60 9.270313 9.520442 9.137934 9.823345
8.74 9.386692 9.567244 9.254281 9.921435
8.22 9.470958 9.595878 9.286294 9.425565
13.28 9.499867 9.589131 9.203837 9.620983
9.39 9.544036 9.548106 9.167058 9.221554
9.30 9.550236 9.427951 9.223323 9.321034

Conclusion and Policy Making in the Future

Since exports play a big part in the country's economy and support the livelihoods of
millions, making well-informed decisions based on precise forecasts can open up significant
growth opportunities. By understanding how the market works, and anticipating changes in
demand, Pakistan can build a strong and sustainable export sector, which in turn contributes to
the country's economic stability and development. Keeping in view the importance of export
trade and the current economic situation, this study focused on developing the model for export
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forecasting, using a comprehensive approach that combines traditional time series analysis
techniques with advanced machine learning algorithms.

In the existing literature, several studies [18-26] have explored the modelling of Pakistan's export
trades, predominantly relying on conventional methodologies. However, limited research has
been conducted to compare machine learning algorithms with these conventional models
specifically for export forecasting. Addressing this gap, the present study introduced a machine
learning model adapted for forecasting Pakistan's exports from 1972 to 2021.

The study focused on four models, consisting of two classical time series models and two
machine learning models, to analyse the data. The results obtained from these models were
compared to determine their performance. The dataset was divided into training and testing sets,
allowing for the selection of the most suitable model that met the well-known model selection
criteria. In the ML models, the feed-forward method was used to predict 80% of the export
dataset, while the remaining 20% was reserved for testing purposes. Based on the specified
criteria for model selection, the MLP model, a machine learning model, outperformed the other
models in both scenarios where the data was split into 80% and 20% for testing purposes.
Policymaking regarding the importance of exports in Pakistan's economy is crucial for
sustainable economic growth. To make informed decisions, the application of the Multi-Layer
Perceptron (MLP) model proposed in our study for forecasting exports can provide valuable
insights. By utilizing the MLP model, policymakers can assess and predict future export trends
accurately. This forecasting approach enables the identification of potential challenges and
opportunities in the export sector, leading to the formulation of effective policies that promote
export growth, enhance competitiveness, and foster economic stability in Pakistan. The MLP
model's ability to analyse complex data patterns and provide reliable predictions empowers
policymakers to make evidence-based decisions and implement targeted strategies to boost
exports, thus driving overall economic development in the country.

Limitation of the study: The study relies on a limited data set from 1972 to 2021. However, the
accuracy of the prediction may affect the quality and extensiveness of the data used in the study.
The most recent and realistic data can increase the model forecasting competencies. Also, the
MLP model did well compared to the other methods, even though it did not simplify well to a
diverse set of data or another export scenario of further countries. Therefore, the results are
specific to the Pakistan export trade and it may not be applied collectively. Furthermore, this
study did not add external indicators such as political instability, economic conditions, or trade
strategies which may significantly affect exports. Therefore, including these indicators can
provide a more complete forecasting model.

Theoretical Implication: The current study value adds to the present literature on export
forecasting by signifying the effectiveness of the machine learning model most specifically to the
Multilayer Perception in managing the complex and nonlinear relationship of time series data.
Further, this study strengthens the perspective of machine learning processes to outclass the
traditional statistical methods in export forecasting by boosting the further examination of mixed

1SS VOL.2 Issue.2 2024 @@@@ Copyright © 2023. IJSS, Published by Indus Publishers This work is licensed under a

Page361



models that syndicate the strengths of both approaches. Also, by effectively employing the MLP
model in real-world economic data, this study highlighted the significance of Al in economic
development and the formulation of policy. Hence, it covers the way for assimilating Al tools in
the research of macroeconomics.

Appendix A

Figure 2: Key performance indicators of Different Models based on training and testing
dataset
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Fig 4: Forecast from ELM model
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Residuals from Simple exponential smoothing
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DECLARATIONS:

1. Availability of data and materials: Data will be available as per the reasonable request.
2. Competing interests: The authors declare they have no competing interests.
3. Funding: No funding is received.

Authors’ contributions: M.D.: Conceptualization, Data Curation, Formal Analysis,
Investigation, Methodology, Software, Original Draft; M.Q.: Project Administration,
Conceptualization, Data Curation, Visualization, Original Draft; K.Y., and M.l.:
Conceptualization, Methodology, Supervision, Original Draft, Investigation, Validation, Review
& Editing.

Acknowledgments: N/A.

References

1SS VOL.2 Issue. 22024 @@@@ Copyright © 2023. 1JSS, Published by Indus Publishers This work is licensed under a Creative

Common Attribution 4.0 International License.

Page364



10.

11.

12.

13.

14.

15.

Abd-Elaal, A. K., Hefny, H. A., & Abd-Elwahab, A. H. (2013). Forecasting of egypt wheat
imports using multivariate fuzzy time series model based on fuzzy clustering. IAENG
International Journal of Computer Science, 40(4), 230-237.

Abbas, S., & Bhutto, S. (2024). Macroeconomic determinants and potential markets for
Pakistani textile-clothing and apparel industries: evidence from gravity model analysis. The
Journal of The Textile Institute, 115(1), 76-86.

Adenomon, M. O., & Oyejola, B. A. (2014). Forecasting meteorological time series data
with a reduced form vector autoregressive (Var) model and three univariate time series
techniques: a comparative study. Social and Basic Sciences Research Review, 2(3), 139-
152.

Afzal, M. (2004). Exports economic growth nexus: Pakistan's experience. Indian Journal of
Economics and Business, 3, 315-340.

Afzal, M., & Ali, K. (2008). A historical Evaluation of “export-led growth” policy in
Pakistan.

Afzal, M. (2008). Impact of exchange rate on import demand in Pakistan. Pakistan Journal
of Applied Economics, 18, 123-141.

Ahmad, D., Afzal, M., & Khan, U. G. (2017). Impact of exports on economic growth
empirical evidence of Pakistan. International Journal of Applied, 5(2), 9.

Anwar, S. (1985). Export Functions for Pakistan: A Simultaneous Equations
Approach. Pakistan Journal of Applied Economics, 4(1), 29-34.

Anwar, R. M. A,, Nasreen, S., & Chaudhary, M. A. (2013). Patterns of trade and its future
prospects in Pakistan: A time-series analysis. British Journal of Arts and Social
Sciences, 13(2), 228-41.

Arize, A. C. (2002). Imports and exports in 50 countries: tests of cointegration and structural
breaks. International Review of Economics & Finance, 11(1), 101-115.

Bond, M. E. (1985). Export Demand and Supply for Groups of Non-Oil Developing
Countries (La demande et l'offre d'exportations dans différents groupes de pays en
développement non pétroliers)(Demanda y oferta de exportaciones de grupos de paises en
desarrollo no petroleros). Staff Papers-International Monetary Fund, 56-77.

Brown, L. D., & Rozeff, M. S. (1979). Univariate time-series models of quarterly
accounting earnings per share: A proposed model. Journal of Accounting Research, 179-
189.

Daniyal, M., Qureshi, M., Marzo, R. R., Aljuaid, M., & Shahid, D. (2024). Exploring
clinical specialists’ perspectives on the future role of AI: evaluating replacement
perceptions, benefits, and drawbacks. BMC Health Services Research, 24(1), 587.

Devkota, M. (2024). THE TIME SERIES ANALYSIS OF EXPORTS AND IMPORTS
FOR THE US. Journal of Commerce & Accounting Research, 13(3).

Farooqgi, A. (2014). ARIMA model building and forecasting on imports and exports of
Pakistan. Pakistan Journal of Statistics and Operation Research, 157-168.

1SS VOL.2 Issue. 22024 @@@@ Copyright © 2023. 1JSS, Published by Indus Publishers This work is licensed under a Creative

Common Attribution 4.0 International License.

Page365



16.

17.
18.

19.
20.
21.

22.
23.

24,
25.
26.
27.

28.

29.

30.

1SS VOL.2 Issue. 22024 @@@@ Copyright © 2023. 1JSS, Published by Indus Publishers This work is licensed under a Creative

Ghauri, S. P., Ahmed, R. R., Streimikiene, D., & Streimikis, J. (2020). Forecasting exports
and imports by using autoregressive (AR) with seasonal dummies and Box-Jenkins
approaches: a case of Pakistan. Inzineriné ekonomika, 31(3), 291-301.

Ghafoor, A. (2005). Import demand function of wheat and future trends. Journal of
Agriculture and Social Sciences (Pakistan), 1(4).

Ghafoor, A. (2005). Analysis of the trade pattern of Pakistan: Past trends and future
prospects. Journal of Agriculture and Social Sciences (Pakistan), 1(4)

Iftikhar, H., Daniyal, M., Qureshi, M., Tawiah, K., Ansah, R. K., & Afriyie, J. K. (2023). A
hybrid forecasting technique for infection and death from the mpox virus. Digital Health, 9,
20552076231204748.

Iftikhar, H., Qureshi, M., Zywiotek, J., LOopez-Gonzales, J. L., & Albalawi, O. (2024).
Short-term PM 2.5 forecasting using a unique ensemble technique for proactive
environmental management initiatives. Frontiers in Environmental Science, 12, 1442644,
Javed, Z. H., Qaiser, I., Mushtaq, A. M., & Igbal, A. (2012). Effects of international trade on
economic growth: The case study of Pakistan. International Journal of Academic Research
in Progressive Education and Development, 1(2).

Kargbo, J. M. (2007). Forecasting agricultural exports and imports in South Africa. Applied
Economics, 39(16), 2069-2084.

Khan, M. S., & Knight, M. D. (1988). Important compression and export performance in
developing countries. The Review of Economics and Statistics, 315-321.

Khan, M. S., & Khan, U. (2020). Comparison of forecasting performance with VAR vs.
ARIMA models using economic variables of Bangladesh. Asian Journal of Probability and
Statistics, 10(2), 33-47.

Khan, M. S., & Khan, U. (2020). Comparison of forecasting performance with VAR vs.
ARIMA models using economic variables of Bangladesh. Asian Journal of Probability and
Statistics, 10(2), 33-47.

Khan, A. A., Jamshed, H. U. M. A., Ahmed, S., Igbal, S., Mansoor, Y., & Waheed, U.
(2024). Smart Growth Predictions: Deep Learning Applications in Economic
Forecasting. Technical Journal, 29(02), 61-68.

Mehmood, S., & Ahmad, Z. (2012). Forecasting Pakistan’s exports to SAARC: An
application of univiriate  ARIMA model. Journal of Contemporary Issues in Business
Research, 1(3), 41-54.

Nagvi, S. N. H., Khan, A. H., Khilji, N. M., & Ahmed, A. M. (1983). The PIDE Macro-
Econometric Model of Pakistan's Economy. PIDE Books.

Qureshi, M., Khan, A., Daniyal, M., Tawiah, K., & Mehmood, Z. (2023). A comparative
analysis of traditional SARIMA and machine learning models for CPI data modelling in
Pakistan. Applied Computational Intelligence and Soft Computing, 2023(1), 3236617.
Qureshi, M., & Ahmed, N. (2022). Forecasting Cryptocurrencies using the Classical Time
Series Approach. KASBIT Business Journal, 15(2), 15-27.

Common Attribution 4.0 International License.

Page366



31.

32.

33.

34.

35.

36.

37.

38.

39.

Qureshi, M., & Ahmed, N. (2022). Forecasting Cryptocurrencies using the Classical Time
Series Approach. KASBIT Business Journal, 15(2), 15-27.

Qureshi, M., Khan, S., Bantan, R. A., Daniyal, M., Elgarhy, M., Marzo, R. R., & Lin, Y.
(2022). Modeling and forecasting monkeypox cases using stochastic models. Journal of
Clinical Medicine, 11(21), 6555.

Qureshi, M., Ahmad, N., Ullah, S., & ul Mustafa, A. R. (2023). Forecasting real exchange
rate (REER) using artificial intelligence and time series models. Heliyon, 9(5).

Qureshi, M., Daniyal, M., & Tawiah, K. (2022). Comparative Evaluation of the Multilayer
Perceptron Approach with Conventional ARIMA in Modeling and Prediction of COVID-19
Daily Death Cases. Journal of Healthcare Engineering, 2022(1), 4864920.

Ramzan, S., & Qureshi, M. (2022). The influence of macroeconomic variables on capital
structure decisions: Investigation from cement sector. International Journal of Emerging
Business and Economic Trends, 1(1), 51-65.

Utouh, H. (2024). The impact of trade liberalization on the performance of Tanzania’s
export sector-a time series analysis from 1980 to 2019. Acta Scientiarum Polonorum.
Oeconomia, 23(1), 25-42.

Tawiah, K., Daniyal, M., & Qureshi, M. (2023). Pakistan CO2 emission modelling and
forecasting: a linear and nonlinear time series approach. Journal of Environmental and
Public Health, 2023(1), 5903362.

Yousfani, K., Haider, B., Qureshi, M., & Ishaq, K. (2024). Exploring the Impact of Personal
and Administrative Issues Faced by Female Students on Satisfaction Levels with Hostel
Facilities and their Influence on Lifestyle: A Statistical Investigation. Pakistan Journal of
Humanities and Social Sciences, 12(2), 1616-1631.

Yousfani, K., Kazi, A.S., & Syed, K.B. (2021). Analysis of the Literature of Financial Stress
Index and Proposed Model for Pakistan. International Review of Management and Business
Research.

1SS VOL.2 Issue. 22024 @@@@ Copyright © 2023. 1JSS, Published by Indus Publishers This work is licensed under a Creative

Common Attribution 4.0 International License.

Page367



