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1 Introduction

The word exchange rate can be explained using
economic phenomena such as trade imbalance, price
dynamics, trade flow, and current account balances.
The importance of the exchange rate has been dis-
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Abstract

The exchange rate is crucial because it can influence a country's economy. It helps
brokers and traders in operational decisions that help reduce risk and maximize prof-
its. Many methods of forecasting currency exchange rates exist. The present study fo-
cused on different methodologies, including Box-Jenkins, Holt's practice, artificial neural
networks, Facebook Prophet Model, and Multilayer Perceptron (MLP) for predicting ex-
change rates. The performance of these techniques is evaluated based on small mean
squared error, mean absolute error, and mean absolute percentage error. The results
revealed that MLP outperformed all the models. It is a promising method to forecast
the exchange rate of Pakistan because it gives a minor forecast error. In addition, the
predicted values using MLP are very close to the actual values. The experimental results
and time series plot revealed that the exchange rate of Pakistan will slightly increase in
the upcoming months. It is concluded that the present study will help to determine the
aggregate demand for domestic currency in the coming months. It is also helpful for the
government and policymakers. However, understanding exchange rates is essential for
anyone involved in international business and finance.
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cussed broadly in the literature due to its significant
role in promoting economic growth and promoting
international acceptance, as discussed by [32]. The
exchange rate is an essential term that plays a vital
role in determining a country's external position. The
real exchange rates have a positive effect on the
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traded commodities and may aid in the economic
growth. The currency of a nation is very important in
dictating the economic well being since it influences
the aspects of trade, investment and domestic produc-
tion. Moreover, better economic growth and domestic
production are some of the important factors in
ascertaining the overall prosperity of a country. The
growth in production means that the anticipated rev-
enues have been achieved. In addition, the increase
in revenue triggers the demand of the local currency.
But with the rise in imports, there is the rising demand
of foreign exchange which causes a depreciation in
the worth of the local currency. The foreign currency
demand is also increased by the increase in imports
which causes depreciation of the local currency. On
the other hand, stability in exchange rate results
in increased foreign investment, increased exports,
and improved changes in the balance of trade in
the country. The exchange rate of any country is
used as a reference point to determine the economic
position of the country in the global market, and also
to strengthen the internal economic stability of the
nation. With a stable exchange rate, an environment
that supports increased foreign investment is also
maintained. Besides, it can also increase the rate
of exports and cause the country to have a better
balance of trade. For more details, see [9, 22, 43, 53]
and the reference cited therein.

The value of a certain currency in relation to the
other currencies in the foreign exchange market is
called the devaluation and appreciation. Depreciation
is described as a fall in the worth of a currency as
compared to other currencies. Appreciation however
is an appreciation of the value of a currency compared
to other currencies. Depreciation may be a result of
inflation, economic depression, reduction in export
demand or speculation in the market. Appreciation
can occur due to factors such as economic growth,
increased demand for exports, higher interest rates,
or market confidence, see [15, 28].

The change in the trend of the exchange rate has
negative impacts on the trade deficit of a country caus-
ing inflation and reduction in investment. Increase in
inflation decreases the competitiveness of the country

in the international market and therefore low exporta-
tion and demand of the local currency. As a measure
to curb the adverse effects of exchange rate instability,
one possibility is to give more consideration to trade
with the developing nations and trade mutually in their
respective currencies as opposed to being overly re-
liant on foreign currencies. To get more insights and
fully know the information, one may refer to the works
of [9, 16, 48] and the references in them. The domes-
tic prices can have been affected through the regula-
tion of the national money and trying to stimulate the
domestic economy, Exchange rate is an important fac-
tor that determines the balance of trade of a country,
exports, and imports[47]. The exchange rate plays a
significant role in shaping a country's trade balance, as
well as its exports and imports. To gain a deeper under-
standing of how fluctuations in the exchange rate im-
pact export and import dynamics, it is recommended
to refer to the works of [8, 19, 23, 34, 36, 49, 62-65] for
further insights and detailed information.

Moreover, in this analysis, we operate the Face-
book Prophet model that is open-source time series
forecasting, which processes trends, seasonality, holi-
days, and missing data. It uses a Bayesian framework
to model these components automatically, making
it user-friendly for both experts and non-experts.
Similar to models like MLP (Multi-Layer Perceptron),
NNAR (Neural Network Autoregression), Holt Ex-
ponential, and Auto-Regressive Integrated Moving
Average (ARIMA), Prophet can be used for forecasting
by identifying patterns in historical data. However,
Prophet stands out by its flexibility to incorporate
seasonal effects and holidays directly into the model,
making it highly effective for real-world data with
complex seasonal variations. Like these traditional
methods, Prophet can be used for long-term predic-
tions and adjusted to account for different trends and
cycles in the data. [57] studied, the trade-off between
risk-return was investigated within the framework of
CAPM and its validity was tested on the daily returns
of companies listed in the chemical, textile and food
sectors of the Pakistan stock market during the period
July 2004- Feb 2014. Additionally, [40] applied ARIMA
and machine learning models to forecast exchange

37



VFAST Transactions on Software Engineering Volume 13, Issue 4, 2025

rates in Pakistan, but their analysis was based on data
starting from 2019. In contrast, our study utilizes a
more comprehensive dataset, spanning from 1970 to
July 2025. Furthermore, we employ robust algorithms,
such as the Facebook Prophet model. Similarly, [1, 46]
utilized both classical and machine learning models
for exchange rate forecasting; however, our models
demonstrate superior performance, yielding the
lowest forecast errors, as presented in Table 2.

The current study is being conducted to forecast
Pakistan’s national currency exchange rate using vari-
ous methodologies such as Box-Jenkins, Holt's method,
ANN, and MLP. However, research has revealed con-
flicting views on the relative performance and superi-
ority of ARIMA, DES, and ANNs models to time series
prediction, particularly for different data sets [41]. This
paper aims to clarify the divergent views in the litera-
ture concerning whether ANN with MLP is superior to
ARIMA and Double ES methods for accurately predict-
ing national currency exchange rates. The objective of
this study is to forecast the currency exchange rate of
Pakistan. However, if it is predicted to rise in the com-
ing years, policymakers and the government canimple-
ment various measures to address the situation. It is
important to note that the specific actions taken by pol-
icymakers and the government would depend on the
prevailing economic conditions, policy objectives, and
available policy tools.

The remainder of the paper is organized as follows.
Section 2 contains a review of the literature on Box-
Jenkins, Double Exponential Smoothing (DES), ANN,
and MLP models. This is followed by the development
of the presented methodology to forecast exchange
rates in Section 3, and the empirical analysis and
discussion using the Stock Exchange rates in Section 4.
Section 5 compare the classical and machine learning
models in terms of MSE, MAE, and MAPE and discuss
the limitation of the study. Finally, Section 6 concludes
the study by summarizing the main findings including
future works.

2 Literature Review
Numerous researchers have proposed various tech-
niques for forecasting time series data. A concise

review of the literature pertaining to three prominent
methodologies, namely, the Box-Jenkins approach,
DES, ANN, and the Facebook Prophet model, is
presented in this section.

Using ARIMA, [37] created a forecasting framework.
They looked at the conventional Box-Jenkins method,
which can be rather subjective, and the objective
penalty function criterion as two methods for de-
tecting ARIMA models. [14] reviewed the previous
25 years of time series forecasting research and
concluded that a good forecasting method is one that
predicts accurate and timely data. If a forecast can
be obtained accurately and on time, it will result in a
more accurate prediction. So, in order to get a better
prediction, you must first select a good forecast. [18]
concentrated on demand characteristics. ARIMA mod-
els are used to forecast the short and long-run price
and income elasticities of Turkey’s sectoral natural gas
demand. [26] used ARMA methodology and GARCH
family models to forecast rice yields in four Pakistani
provinces from 1947 to 2009. [7] investigated the fore-
casting of food crop production and yield in Pakistan.
The ARIMA model is used to forecast wheat, rice, and
maize production from 2012 to 2030.

The DES approach, which Holt first suggested
in 1957 for the level and trend estimate procedure,
is another helpful technique for forecasting time
series data. When data demonstrates a trend, [27]
looked into the use of the DES approach. Two com-
ponents—level and trend—must be adjusted in this
approach, which is comparable to basic smoothing in
that regard. [55] compared the Al Model's predicting
performance against those of two straightforward
models, the DES and Double Moving Average. By
determining the average price of sugar in seven
traditional marketplaces in Depok from 2014 to 2016,
[20] compared the DES and ANN techniques. The
ANN technique was shown to be better suitable for
predicting the typical price of sugar in Depok. [45]
forecasted short-term aviation passenger volume
using DES models. [24] used the DES and Box-Jenkins
techniques to forecast cement output in Sudan.

Additionally, there are other alternative methods
to time series forecasting; ANN is one of them and
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has been actively researched and applied in this field.
There are no requirements in ANNs, to provide a
particular model shape. When there is no theoretical
direction to propose an acceptable data generating
procedure, this strategy is applicable for many empir-
ical data sets. [54] found that the ANN model beat
the conventional ARIMA models when comparing the
stock forecasting ability of ANN and ARIMA models.
Similar to this, [25] examined the performance of
ANNs and ARIMA in forecasting time series, coming
to the conclusion that ANNs performed better than
ARIMA in predicting the direction of stock movement
since the latter could find hidden patterns in the
data utilised. Highest ozone concentration predicting
abilities of the ARIMA and ANN and models in daily
basis were also contrasted by [39].

According to the empirical findings, the ANN model
outperformed the ARIMA model [3, 4]. A hybrid model
proposed by [56], which combines both ARIMA and
ANN models that take use of each model's unique
advantages in both linear and nonlinear modeling.
The outcomes demonstrate that in terms of predict-
ing accuracy, the combined model beats any of the
separate models. In predicting the Korean Stock Price
Index, [33] evaluated the effectiveness of ARIMA and
ANN models. According to [6], the computational
strengths of numerous artificial intelligent schemes
have been demonstrated to be a tool in providing new
and effective ways of dealing with a variety of existing
and emerging challenges. Some of the recent studies
on time series forecasting using machine learning
algorithms can be found in the work of [61, 66-69].

The Facebook Prophet model is a widely-used
open-source forecasting tool designed to handle
time series data with strong seasonal patterns and
multiple seasonality. Developed by Facebook’s Core
Data Science team, Prophet is known for its simplicity,
scalability, and ability to accommodate missing data,
outliers, and holidays. Unlike traditional time series
models, Prophet automatically detects and adjusts
for daily, weekly, and yearly seasonality, making it
particularly suitable for business applications where
such patterns are common. Research has shown that
Prophet's performance rivals more complex models

like ARIMA and Gaussian Processes, particularly in
real-world, noisy datasets [50]. Its flexibility and ease
of use have led to its adoption in fields ranging from
sales forecasting to capacity planning, enabling both
data scientists and non-experts to implement robust
forecasting solutions [38].

3 Data and Methodology

This paper analyzes and forecasts the time series data
using Box-Jenkins Methodology, and Machine learning
models/algorithms.Thw flow of methodology is shown
in figure 1.

Data

In this study, we have used data related to the ex-
change rate of Pakistan and forecasted it for the next
five years. The dataset is sourced from the Food and
Agriculture Organization (FAOSTAT) and is available at
https://www.fao.org/faostat/en/#data/PE. The dataset
spans from 1970 to 2025 and contains monthly data,
with 698 observations from January 1970 to July 2025.
We specifically used data for the exchange rate from
the local currency unit (PKR) per US Dollar (USD). The
dataset includes a variety of information such as
domain code, currency unit, area code, element code,
year code, element, month, month code, and value.
For each year, starting from January to December,
the dataset provides the average monthly exchange
rate for each month, as well as an additional value
representing the average exchange rate for the entire
year. For the period from January 2025 to July 2025,
we obtained data from https://www.exchangerates.org.
uk/USD-PKR-spot-exchange-rates-history-2025.html, as
FAOSTAT did not provide data beyond December
2024. The additional data were included to extend
the series and enable short-term forecasting. Both
FAOSTAT and exchangerates.org.uk are reliable sources,
and the exchange rate values from both are consistent
in magnitude and trend, ensuring data compatibility.

The ARIMA Methodology

Several predictive models have been developed in
literature to estimate future values; the Box-Jenkins
methodology is one of them, which was developed
in 1976. This method depends on autoregressive,
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Figure 1. Methodology workflow for exchange rate forecasting using statistical and machine learning models (1970-2030)

integrated (difference), and moving average models.
In this methodology, non-stationary data can only be
used once stationarity is achieved. After estimating
the parameters of the model, diagnostic checks should
be made. If the model is appropriate by diagnostic
checking, forecasts are made; alternative models
should be considered [12].

A process X; is said to follow an ARIMA(p, d, q) model
if:

®(B)(1 - BIX; = 0(B)Z;, (1

where ¢ and 6 are the AR(p) and MA(q) parameters, re-
spectively. The residuals, denoted as Z;, are indepen-
dently and identically normally distributed (i.i.d.) as
N(O, o2).

Holt Exponential Smoothing

One of the effective approaches to data analysis and
forecasting of time series data is the Holt Exponential
which is best applicable to data with clear trend with
no seasonality trends. This model is a variant of simple
exponential smoothing (ETS) and it is composed of
two parts; a level, which gives the current value and
trend which gives the rate of change of the value with
time. The Holt approach gives a superior forecasting
because it comprehends either the increasing or the
decreasing trend of the data over a period of time
and can be readily carried out in statistical analysis
program like R, where modeling work and drawing of
forecast plot can be done. Holt's double ETS method,
or DES, is another predicting technique. It extends the
simple ES to forecast trend component-based time
series data. This technique is applicable whereby the
series of times has a trend factor. Holt' involved in

this method: smoothing constant for level (0 < « < 1)
and for trend (0 < 8 < 1). The three equations used
in Holt's method are: The exponentially smoothed
series, or current level estimate:

Le=aYe+(1-a)leq + Teq) (2)

The trend estimte

Te = B(Le=Leq) +(1 = B)Teq (3)

The forecast for p periods into the future

Yerp = Le+pT (4)

where, L; is the new smoothed level value, T; is the
trend estimate, p is the number of periods to be fore-
cast into the future, and VHP is the forecast for p peri-
ods ahead. In this study, we utilized 3 = 0.9, which was
determined after optimizing the 3 values to minimize
the MSE of the HE method.

Artificial Neural Network

ANN, also known as a neural network, has made sig-
nificant progress. ANN can handle several problems
in a scientific discipline. In many fields, the most
precise and popular forecasting models, including
engineering, finance, social, business, economic, and
foreign exchange rates, are ANNSs as a soft computing
method see [30, 31] and the references cited therein
for more details. Its distinctive qualities draw scholars
and industry practitioners interested in forecasting
time series data. In this technique, three layers are
used, one is the input layer, which is of data entry; the
other one is the processing of data which takes place
in the middle layer; and the third layer is the output
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layer which provides results, see [21] for more detail.
The mathematical form of ANN is given by:

yi=f| Y wixi+bi |, (5)
k

where y; is the output variable, X, denotes the input
from the k™ node in the /% layer, wj is the weight of
the link between node k and the nodes in the previous
layer, and b; is the bias to the node. This weighted sum
is passed along to an activation function f(-) to produce
the output of the node. The sigmoidal function is the
most commonly used activation function, defined as:
o p— ©)

1+eX’

Multilayer Perceptron

AMLP is a type of artificial neural network that consists
of multiple layers of interconnected nodes (neurons).
It is one of the most widely used and well-known ar-
chitectures in deep learning. MLPs are primarily used
for supervised learning tasks such as classification and
regression. The MLP consists of an input layer, one
or more hidden layers, and an output layer. The key
advantage of MLPs lies in their ability to learn com-
plex non-linear relationships between input and out-
put data. They are capable of capturing intricate pat-
terns and features from the input data, making them
well-suited for tasks such as image recognition, natural
language processing, and time series analysis. Math-
ematically, the signal processing of the MLP model is
given by:

)
(. (N pU-1) Ly -

h=f ijkhk b)), =121 ()
k=1

where, hj(./) is the output of the /" neuron in the /7 layer,
h§(0) = X, are the input features, Wj(,/() is the weight of the
connection between the k" neuron in layer (/- 1) and
the " neuron in layer /, b}l) is the bias term for the j
neuron in layer /, f(-) is the activation function (e.g., sig-
moid, ReLU, tanh). Finally, the output layer produces
the prediction as:

(L)
y=g| 2w hd+ b, (8)
k=1

where g(-) is the activation function of the output layer,
chosen according to the learning task (e.g., softmax for
classification, identity for regression).

The Facebook Prophet Model

The Data Science Team at Facebook created Prophet
in 2017, [52]. Strong seasonal effects in time series
and several seasons of historical data are ideal for its
effectiveness. Prophet usually handles outliers well
and is resilient to missing data and trend changes.
The model's general concept is comparable to that
of a generalized additive model. It makes use of a
decomposable time series model [13] that has three
primary model components, which are the holidays,
seasonality, and trend.

Ye=g8t+St+he+e, 9)

where ¢; denotes unconditional changes unique to a
business, an individual, or a situation, hy denotes the
impacts of holidays on the prediction, s; denotes sea-
sonality (periodic or short-term changes), and g; de-
notes trends (changes over a long period of time). The
forecast is Y; and it is also known as the error term.
Prophet is attempting to fit several linear and nonlin-
ear functions of time as components by using time as
a regressor.

The selection of forecasting models in this study
was driven by the specific characteristics of the data
and the strengths of each model. ARIMA was chosen
due to its proven effectiveness in modeling temporal
dependencies in univariate time series data without
seasonal effects. For example, [17, 40] demonstrated
the success of ARIMA in forecasting financial time
series data, which exhibit strong autocorrelation but
no significant seasonal patterns. Holt's Exponential
Smoothing was included for its ability to capture
linear trends in data without seasonality, making
it suitable for datasets with trends but no seasonal
fluctuations, as shown in studies like [35], where it was
effectively applied to sales forecasting in retail data.
ANN and MLP models were selected because of their
ability to capture complex, non-linear relationships
in high-dimensional data. For instance, [5] used MLP
to forecast energy consumption in Iran, showing the
model’s ability to learn intricate patterns from large
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datasets with multiple influencing factors. Similarly,
[10] used the ANN and MLP models and forecast
the six days ahead of COVID cased in Brazil. Finally,
Prophet was chosen for its robustness in handling
time series data with strong seasonal patterns and
holidays. A study by [51] demonstrated the effec-
tiveness of Prophet in forecasting web traffic, which
is influenced by both seasonal trends and special
events like promotions. These models were selected
over others based on their individual strengths and
the nature of the data, allowing for a comprehensive
comparison of both classical and modern forecasting
techniques.

4 Results and Discussion

In this section, various time series model including [11],
ANN and DES model/algorithms are used to forecast
the exchange rate of Pakistan.

4.1 Data Preprocessing

Before applying the time series and machine learning
models, data preprocessing was performed to ensure
accuracy and consistency. Since the dataset was al-
ready in time series form, only minimal adjustments
were required. Missing values were treated using lin-
ear interpolation, and outliers were examined and cor-
rected where necessary. For machine learning models
(NNAR and MLP), the data were normalized between
0 and 1 to enhance training stability. Stationarity was
verified using the ADF test, and differencing was ap-
plied where needed for ARIMA models to ensure reli-
able estimation.

4.2 Box-Jenkins Methodology
For finding, choosing, and evaluating conditional mean
models for discrete univariate time series data, [11]
provided a five-step technique which is given below.
Figure 2 demonstrates the time series plot of the
exchange rate in Pakistan at a level and second differ-
ence, respectively. Firstly, the plot at a level indicates
an upward trend that depicts that data is not station-
ary. Therefore, to eliminate the trend and to make the
series stationary, difference at lag two is taken. Mean-
while, after applying difference, the plot suggests that
data is stationary, as shown in Figure 3.

Exchange Rate

Year

Figure 2. Data plot of exchange rate from January 1970 to
July 2025

Differenced
0

1070 1080 1990 2000 2010 2020

Figure 3. Stationary Plot after first Difference

Unit Root Test

The stationarity of the data was evaluated using the en-
hanced Augmented Dickey-Fuller (ADF) test. The null
hypothesis in the ADF test can be defined as the series
is not stationary, while in the alternative viewthe se-
ries is stationary. The significance of the unit root test
is calculated at the first and second differences. The
ADF test and the corresponding p-value are -5.3241
and 0.01, respectively. The p-value for the ADF test is
under the rejection region; that is p-value is less than
the test critical values at o = 5%. It examines that data is
stationary, and the alternative hypothesis is accepted
at a 5% significance level. The results show that data is
stationary on the first difference.

Model Identification

In the model identification stage of ARIMA (p,d,q),
the primary objective is to select suitable values
for the three parameters, p, d, and q. If the series
exhibits a trend, there are two possible methods to
consider. One is to apply the difference to eliminate
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the trend, while the other is to employ a regression
model to capture and remove the trend. Ultimately,
the aim is to determine the best approach to uncover
the underlying patterns and dependencies within
the data, leading to more accurate forecasting out-
comes. While many writers prefer deterministic trend
removal, Box-Jenkins seems to favor differencing.
The initial step in either scenario is examining the
plots of auto-correlations function (ACF) and partial
auto-correlation function (PACF).

Series diff(ts_data)

ACF

Figure 4. ACF plot of the differenced series

Series diff(ts_data)

Partial ACF
1

-0.1

Figure 5. PACF plot of the differenced series

Figures 4 and 5 display the plots of the ACF and
PACF, respectively. By analyzing these plots, we pro-
pose potential ARIMA models with specific parameter
values for (p, d, q). A total of fourteen ARIMA models
have been suggested, as outlined in Table 1.

Table 1. Forecast Errors from ARIMA (p, d, g) Models

Model AIC BIC HQIC RMSE

2936.38
2918.78
2922.50
2921.59
2922.49
2901.06
2924.11
2904.36
2904.46
2932.69
2935.30
2905.65
2908.21
2907.64

ARIMA(2,1,2
ARIMA(2,1,3
ARIMA(2,1,4
ARIMA(3,1,2
ARIMA(3,1,3)
ARIMA(3,2,4)
ARIMA(4,1,2)
ARIMA(4,2,3)
ARIMA(4,2,4)
ARIMA(5,2,1)
ARIMA(5,2,2)
ARIMA(5,2,3)
ARIMA(5,2,4)
ARIMA(5,2,5)

2927.65
2908.32
2910.29
2911.12
2910.28
2887.11
2911.89
2890.40
2888.76
2920.49
2921.35
2889.95
2890.76
2888.45

2950.17
2935.33
2941.81
2938.14
2941.79
2923.13
2943.42
2926.42
2929.29
2952.00
2957.37
2930.48
2935.79
2937.98

2.1601
2.1258
2.1258
2.1303
2.1258
2.0869
2.1284
2.0923
2.0864
2.1463
2.1444
2.0883
2.0864
2.0794

—_ = I —

Table 1 presents the forecast errors of the pre-
viously discussed ARIMA models, including the
Akaike Information Criterion (AIC), Bayesian Infor-
mation Criterion (BIC), Mean Squared Error (MSE),
and Hannan-Quinn Information Criterion (HQIC). The
ARIMA(3,2,4) and ARIMA(5,2,5) models exhibit superior
performance, as evidenced by their forecast error val-
ues, which are lower than those of the other models in
the table. Therefore, these models are recommended
as the most suitable for forecasting purposes. The
forecast plots for ARIMA(3,2,4) and ARIMA(5,2,5) are
provided in Figures 6 and 7, respectively.

Forecasts from ARIMA(3,2,4)

Exchange Rate
100 150 200 250 300

50

0

T T T T T T
1970 1980 1990 2000 2010 2020

Figure 6. Forecast From ARIMA(3,2,4)

In the next section, we will forecast the currency
exchange rate using various machine learning al-
gorithms, including HE, NN, MLP, and the Facebook
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Forecasts from ARIMA(5,2,5)
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Exchange Rate
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Figure 7. Forecast From ARIMA(5,2,5)

Prophet model. These models are designed to capture
complex patterns and non-linear trends in the data,
providing a more advanced approach to forecasting.
So far, we have been using classical models, such
as ARIMA, to predict the exchange rate, but we aim
to explore more robust, data-driven methods in this
section.

4.3 Machine Learning Algorithms

In our analysis, we used the full dataset without
splitting it into separate training or testing datasets,
as our goal was to train all machine learning models
using the complete data and then apply forecasting.
This approach was specifically chosen to allow for a
fair comparison between machine learning models,
such as NN and Holt ES, with classical models like
ARIMA. By utilizing the entire dataset in each model,
we ensured consistency across the different methods.
For the Holt ES and NN models, we employed a
trial-and-error approach to determine the optimal
values for alpha and beta. These values were selected
based on where the variance in both the NN and
Holt ES models became smaller, ensuring improved
model stability. The details of this process, including
how these values were determined, can be found
in the Holt ES section. It is important to note that
the machine learning model implementation did not
involve separate training/validation splits, and we
did not perform traditional hyperparameter tuning.
Instead, we focused on using the entire dataset and
optimizing the key parameters through trial and error.
This approach allowed us to directly apply all models
to the complete dataset for forecasting, facilitating

a meaningful comparison of the machine learning
models with the classical ARIMA model. However, it
should be noted that the absence of explicit training
and validation splits may limit some aspects of model
evaluation.

Exponential Smoothing

ETS is a univariate time series forecasting technique
that may be expanded to include data with seasonal or
systematic patterns. It is an effective forecasting tech-
nique that can replace the famous Box-Jenkins ARIMA
family of techniques. ES time series forecasting meth-
ods are classified into three types. An expansion that
specifically addresses trends, the most sophisticated
form with support for seasonality, and a straightfor-
ward technique with no systematic structure. This pa-
per will only look at the second type of ES, also known
as double ES or Holt's ES. Holt ES or DES is an ES exten-
sion explicitly supporting trends in univariate time se-
ries. To manage the trend change, a second smoothing
factor called 3 is introduced along with the « parame-
ter that controls the smoothing factor for the level. De-
pending on whether a trend is linear or exponential,
the approach can accept changes in either an additive
or multiplicative fashion. In honor of the method's de-
veloper, Charles Holt, DES with an additive trend is of-
ten referred to as Holt's linear trend model with no sea-
sonality.

This paper employs the trial-and-error method to
determine the optimal values for the o and 3 param-
eters. Following the approach outlined in [2], the ap-
propriate values for « and 3 are selected based on the
minimization of the MAPE, MAE, and MSE. In this study,
the standard values of = 0.9999 and 5 = 0.3041, iden-
tified using the holt function in R, were initially utilized.
However, the 5 parameter was subsequently tuned to
identify the value that minimizes forecasting error. It
was found that, among all possible values of 3 (ranging
from 0.0001 to 0.5), B = 0.3041 resulted in the lowest
MAE and MAPE. Therefore, the aforementioned values
for a and 3 are selected for forecasting purposes. For
further details, please refer to [2, 42, 57-60] and the
references cited therein.

The smoothing plot determines whether the se-
lected model fits the data accurately. If the works
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Forecasts from Holt's method
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Figure 8. Forecast From Holt Exponential Model

closely follow the actual data, the model is assumed to
fit the data. Figure 8 shows the plot of forecast values
of the DES model with a 95% confidence interval. As a
measure of the accuracy of the forecasts, MSE, MAE,
and MAPE are calculated which are given in Table 2. It
can be seen that the MSE, MAPE, and MAE of the DES
model are less than a classical model for time series
analysis, ARIMA.

Artificial Neural Network

The ANN technique, often called NN, is a computa-
tional technique that has recently made substantial
progress. The NN in a number of scientific fields
has shown its ability to handle various problems.
The NN's have a powerful ability known as universal
approx. People have been considerably interested
in using ANN for forecasting and modeling data in
recent years. Such as [44] applied neural networks
in the stock market. The NNAR technique is a solid
alternative to ARIMA models. It works in the same
way as the biological neurons signal to one another.
A neural network’s advantage is its ability to learn
from the inputs given and train itself from the data,
optimizing the weights for a better prediction. In the
same way that we used lagged values in a linear auto-
regression model, lagged values of time series data
can be used as inputs to a neural network. It is known
as an NNAR model or neural network auto-regression.
Both p and k are components of the NNAR. Where k
indicates the number of hidden nodes present, and p
suggests the quantity of lagged values used as inputs.
NNAR is used to formally represent the output (p, k).
A Similar notation is used if the dataset is seasonal,

i.e., NNAR(p, P, k), where P denotes the number of
seasonal lags and p is chosen using an information
criterion, such as the AIC.  The forecast of NNAR is

Forecasts from NNAR(,1,2)[12]
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Figure 9. Forecast From NNAR(1,1,2)

presented in Figure 9 using p = 1 lagged value and k =
1 hidden node. The forecast error and the forecasted
values of NNAR are given in Table 2 and Table 4,
respectively.

Multilayer Perceptron

A MLP is an ANN composed of multiple interconnected
layers of neurons, including an input layer, one or
more hidden layers, and an output layer. The neurons
in each layer process and transmit information in
a feed-forward manner, using nonlinear activation
functions in the hidden layers to transform input
signals. This enables the MLP to learn and represent
intricate relationships between input and output
data, making it useful for tasks such as classification,
pattern recognition, and prediction.

Data flows forward from input to output layer in
an MLP, comparable to a feed forward network. The
backpropagation technique is utilized to train neurons
within the MLP. Errors will be propagated back until
the MSE is minimized. From Figure 10, the output in-
dicates that the resulting network has 10 input nodes,
5 hidden nodes, and the Gray input nodes are auto-
regressions. The forecast from MLP algorithm
using the aforesaid nodes, is given in Figure 11. The
forecast errors and the forecasted value from this al-
gorithm are given in Table 2 and Table 4, respectively.

The Facebook Prophet Model
A critical component of data analysis that aids compa-
nies and organizations in making defensible decisions
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by drawing on historical trends and patterns is time
series forecasting. Planning, forecasting, and decision-
making in a variety of businesses depend on the ability
to accurately predict future trends and patterns in
time series data. Time series data may be forecasted
using a variety of techniques, but Prophet model is
a well-liked algorithm because of its precision, adapt-
ability, and simplicity of use. The five months ahead
forecast from Prophet model is given in the following
graph:  The Figure 12 shows the exchange rate from
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Figure 12. Forecast From Facebook Prophet Model

1970 to 2025, with predictions from the Facebook

Prophet Model. The model suggests a slight increase
in the exchange rate, as indicated by the fitted values,
which track the overall trend in the historical data.
All analyses were conducted in R 4.3.0 using RStudio,
with packages forecast, tseries, prophet, neuralnet,
and nnet.

5 Comparison between ARIMA, ES, NN,

and Facebook Prophet Models
The MAE, MSE, and MAPE are a few of the metrics used
to compare performance and select the optimal ap-
proach among the underlying algorithms. In this pa-
per, the model's performance is assessed using each
of these criteria.

In statistical models, the MSE quantifies the coeffi-
cient of error terms. The average square of the discrep-
ancies between the actual and anticipated data values
is evaluated. The mean error between the predicted
and observed values is determined by the MAE, and
the zero value of the error term indicates that the MSE
is equal to zero. On the other hand, the RMSE, or root
of the MSE, is the value of the MSE. Finally, the absolute
mean percentage error for the data is measured using
the MAPE. These models may be expressed mathemat-
ically by the following equations:

N¢
1
MAE—ﬁan-yﬂ, (10)
tn:1
1 Ne 2
RMSE = | == > (dn -yn)", (1)
tn=1
N
100 dn -¥Yn
MAPE = —— , 12
N, ; T (12)
AIC = 2k - 2In(L), (13)
BIC = In(n)k - 2 In(L), (14)

in which, d, and y, denote observed and model value
respectively where n are number of observations, k are
number of parameters and L is the likelihood of the
model. The values of RMSE, MAE, MAPE, AIC, and BIC
using ARIMA, ES, Facebook Prophet and NN models
are computed using the expressions given above. The
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comparison of different models using RMSE, MAE and
MAPE is reported in Table 2.

Table 2. Comparison between ARIMA, and Machine learning
Models

Author Model RMSE MAE MAPE
ARIMA(3,2,4) 2.0869 0.7937 1.0397
ARIMA(5,2,5) 2.0794 0.7872 1.0385
Holt ES 2.2967 09183 2.2118
NNAR 2.0230 0.7747 1.2397
MLP 0.9359 0.4426 1.0527
Prophet 13.281 4.3518 1.7706

[46] ARIMA 0.0410 - 4.8660
ES 0.0530 - 6.3050
ANN 0.0480 - 5.4430

[40] ARIMA 14.630 10.020 5.79

[1] ARIMA 0.1273 0.0845 3.89

From Table 2, it is evident that the machine learn-
ing algorithm, MLP, demonstrates superior efficiency
when compared to the classical Box-Jenkins methodol-
ogy, ARIMA. Specifically, the values of MSE, MAE, and
MAPE are all lower for the MLP model than for the
ARIMA model. Furthermore, it is observed that other
machine learning algorithms, such as NNAR and Holt
ES, exhibit performance close to that of ARIMA with
respect to the aforementioned error metrics. This
suggests that, for complex univariate time series, the
aforementioned machine learning algorithms may
outperform the traditional Box-Jenkins methodology.
Additionally, [40] applied ARIMA and machine learning
models to forecast exchange rates. However, our mod-
els exhibit the lowest forecast errors in comparison.
Similarly, [1, 46] utilized both classical and machine
learning models for exchange rate forecasting, but
our models again yield the lowest forecast errors, as
demonstrated in Table 2.

To evaluate model generalization performance, the
full dataset was divided into 80% training and 20%
testing subsets while preserving temporal order (i.e.,
no random shuffling). The training subset was used to
fit each model, and predictions were generated for the
remaining 20% testing period. Model performance

was then assessed using three standard error metrics:
RMSE, MAE, and MAPE.

Table 3. Model performance on testing dataset (20% of total
data)

Model RMSE MAE  MAPE (%)
ARIMA(3,2,4) 2.4821 0.9324 1.2916
ARIMA(5,2,5) 2.4368 0.9145 1.2764
Holt's ES 2.6837 1.0221 2.5712
NNAR 2.3492 0.8898 1.3983
MLP 1.1894 0.5376 1.2365
Prophet 14.618 4.9128 2.0847

When trained on 80% of the dataset and tested
on the remaining 20%, the MLP achieved the best
predictive accuracy (RMSE = 1.1894, MAE = 0.5376,
MAPE = 1.2365%), followed by the NNAR model.
The ARIMA(5,2,5) slightly outperformed ARIMA(3,2,4),
while Holt's ES and Prophet showed comparatively
higher error values. Model tuning was conducted
as follows: ARIMA orders (p,d,q) were selected via
AIC and BIC minimization;For Holt's ES, 8 = 0.9 was
used. ANN and MLP models employed one hidden
layer with 10 neurons, a logistic activation function, a
learning rate of 0.01, backpropagation training, 1000
iterations, and SSE as the loss function. These settings
were chosen through experimentation to ensure
reproducibility and reliable forecasting performance.
Overall, machine learning models, particularly MLP,
demonstrated superior generalization and adapt-
ability to nonlinear temporal patterns, confirming
their robustness compared with classical time series
models under an 80:20 data split.

The selection and implementation of an appropri-
ate forecasting methodology have always been critical
considerations in the planning and control processes
of both businesses and government agencies. Specifi-
cally, in the context of Pakistan, effective monetary pol-
icy management is essential to prevent exchange rate
instability and safeguard exporters from the risks of
losing their equity. To mitigate exchange rate uncer-
tainty, it is imperative to control or forecast exchange
rates as part of the broader goal of economic develop-
ment. Consequently, this study aims to forecast Pak-
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istan's exchange rate for the next five months using
the aforementioned models and algorithms. The fore-
casted values generated by the various models are pre-
sented in Table 4.

Table 4. Forecast based on ARIMA, ES, Prophet and NN Mod-
els

Model Aug Sep Oct Nov Dec

ARIMA(3,2,4) 290.43 29277 293.68 293.85 296.13
ARIMA(5,2,5) 289.85 29136 291.74 291.57 293.66
Holt ES 285.72 286.14 286.56 286.98 287.41
MLP 286.79 289.04 289.57 288.58 290.59
NNAR 284.48 283.85 283.35 28296 282.64
Prophet 285.13 285.99 288.46 288.93 288.47

The forecasted values of different Model/Algorithms
provided in Table4 are plotted. The Figure 13 com-
pares various forecasting models for exchange rates
from Jan 1970 to Jul 2025. The models, including

2000
Year

Figure 13. Forecast From Suggested Models

ARIMA(3,2,4), ARIMA(5,2,5), Holt ES, MLP, NNAR, and
Prophet, suggest a slight decrease in the exchange
rate, with NNAR predicting the most significant drop.
The proximity of the fitted lines to the actual data
indicates the accuracy of each model's forecast.

Limitation

This study is based on univariate data that spans
from 1970 to July 2025, focusing on a single variable
without incorporating external factors. While this
approach provides valuable insights, it is important to
acknowledge the limitations of using only univariate
models. The absence of external variables, such as
macroeconomic indicators (e.g., GDP growth, inflation

rates, and unemployment), demographic factors,
technological advancements, and policy changes,
means that the analysis does not account for broader
contextual influences that may impact the studied
variable. Additionally, global events, environmental
factors, and social or cultural shifts may also have
significant effects that are not captured in this model.
Future research could expand the scope of analysis
by incorporating these external variables to provide
a more comprehensive understanding of the subject
matter. In this study, both classical univariate time
series models and machine learning models were
first trained using the complete dataset to ensure a
consistent comparison of their in-sample fitting perfor-
mance. Subsequently, to assess their generalization
capability, an 80:20 train-test split was applied, where
80% of the data were used for model training and the
remaining 20% for testing. Forecasts were generated
for the testing period, and the corresponding error
metrics (RMSE, MAE, and MAPE) were computed to
evaluate predictive accuracy on unseen data given
in Table 3. This dual evaluation approach provides
a more comprehensive understanding of model
performance, allowing comparison of both fitting
and forecasting abilities under identical experimental
conditions.

6 Conclusion

The exchange rate of a country serves as a key indi-
cator of its economic standing on the international
stage and plays a vital role in maintaining internal
economic stability. It also significantly influences
foreign investment. This study focuses on forecast-
ing the national currency exchange rate of Pakistan
using three methodologies: the Box-Jenkins (ARIMA)
model, DES, and various machine learning algorithms,
including the MLP. The findings reveal that machine
learning algorithms performed well, with MLP outper-
forming both the classical ARIMA model and other
machine learning techniques by yielding the lowest
forecast errors. Additionally, the forecasted values
generated by MLP closely align with the actual values,
as illustrated in Figure 12, highlighting its robustness
in modeling complex time series data. Notably, the
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forecast errors of the proposed models in this study
are also lower than those reported in other compar-
ative studies listed in Table 2. Based on the trends
shown in Figure 12, it can be inferred that the national
currency exchange rate of Pakistan is expected to
slightly rise in the coming months. In conclusion,
exchange rates hold significant importance as they
influence global trade, investment decisions, tourism,
monetary policy, and currency risk management.
Therefore, understanding exchange rate dynamics
is crucial for stakeholders in international business
and finance. This study contributes valuable insights
into the projected demand for domestic currency
in the foreseeable future. It is also helpful for the
government and policymakers. It is important to note
that when the currency exchange rate rises, several
options can be utilized to tackle the situation and
stabilize it. Some possible actions include: (1). The
central bank can adjust the interest rates to influence
the demand for the currency. (2). The government can
intervene in the foreign exchange market by buying
its own currency and utilizing foreign reserves. (3).
The government can adjust its fiscal policies, such
as taxation and government spending, to influence
the exchange rate. (4). Long-term structural reforms
can enhance the competitiveness of the economy.
Moreover, the specific measures implemented would
depend on the prevailing economic conditions, policy
objectives, and available policy tools.

Future Works

In future work, we can apply regime-based time series
modeling, as our data may contain structural changes,
evident in Figure 1. This approach involves identifying
breakpoints, caused by policy shifts, economic events,
or government changes, and dividing the series into
segments with similar behavior. Different models can
then be applied to each segment, such as ARIMA for
stable periods and MLP or LSTM for volatile phases.
The segmented forecasts can be combined to improve
overall accuracy, offering a more robust framework
for capturing dynamic patterns in exchange rate data.
Additionally, future research can focus on developing
and refining models that capture the complex dynam-
ics and determinants of exchange rates. Comparative

analysis of currency exchange rates across different
countries can also be explored. Moreover, examining
the interactions between exchange rates and financial
markets, including stock markets, bond markets, and
foreign exchange markets, could provide deeper
insights into the broader economic implications.
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