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Abstract-Time Series Models are used for data that is directly related to time. Unlike regression-based models,
these models consider certain time dependencies to provide better forecasting results. Time Series Models are
well suited for forecasting stock or monetary commodity prices as these commodities move upward and
downward with time. Time Series Models consider seasonal trends and also consider volatility while making
predictions on the data. Every monetary commodity has some amount of volatility present in it, especially
cryptocurrency which is highly volatile. For these monetary commodities Time Series Models are well suited
for future price prediction. Short-term predictions of these monetary commodities can help investors get a
general idea about how Gold or Cryptocurrency markets would move in the immediate future. While INR prices
in the short term can help determine how it would immediately fare against global currencies. In this research
paper, we have compared three different time series models namely ARMA, ARIMA, and Prophet to provide
forecasts of three monetary commodities namely INR, Gold, and Cryptocurrency. The results depict a
comparison between time series models selected in short-term price prediction of these monetary
commodities.
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L Introduction

fixed frequency (with respect to time like an hour,

week, month, etc).
In simple terms, when any data is directly related

to time or it moves according to time then that data
is referred to as time series data. Just like
regression models are used for economic growth,

Cyclicity: the rises or falls in data without any fixed
frequency or duration.

stocks, price prediction, etc. [1], time series models Noise: the random variations that do not follow
also can perform these tasks but with better
efficiency due to their focus on parameters related

any particular pattern in the time series.

Stationarity: it occurs when the data of the time
series does not depend on the time when it is
observed.

to time dependency. These parameters are helpful
for their time series analysis. Some of these
parameters are-

Trends: the long-term pattern in data that shows To predict such time-series data, there are

the movement of a series to higher or lower values specialized time-series models available. These

over a long period of time.

Seasonality: the short-term changes that are
generally in the form of a repeating frequency with

models utilize the above-mentioned parameters
into account to give future predictions. It is
generally believed that the data needs to be
stationary to get better predictions from the Time
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Series Models but there are some models present
today that work despite certain outliers.

In our research we have chosen to compare time
series models by forecasting the prices of three
monetary commodities; Bitcoin cryptocurrency
(BTC), Indian Rupee (INR), and Gold. These three
are selected because each of them has different
parameters and properties concerning time series
data, which are discussed in the Proposed
Methodology section.

Cryptocurrency is primarily a collection of data
that is used as a medium of exchange. Coin
ownership is stored in a public ledger using
cryptography techniques. This ledger can track
every individual transaction. Cryptocurrency does
not exist in physical form. It is decentralized hence
there is no single authority that controls it. The first
cryptocurrency was Bitcoin which was founded in
2008 [2]. Bitcoin remains the best cryptocurrency
as it leads the overall cryptocurrency market. Since
Bitcoin is the best & the biggest cryptocurrency
that exists, all the other cryptocurrencies available
on the market have been termed “altcoins”.
Cryptocurrencies are being used to buy real
products or services but it is primarily used by
people to invest like they would do in stocks or
other assets.

Just like Cryptocurrencies, other monetary
commodities are apt for price prediction as well.
Gold is yet another commodity that is traded across
the globe. People invest in Gold on both long-term
and short-term basis. Despite being a very huge
market, Gold prices are considered unpredictable
because they depend on a lot of factors. Another
commodity is Indian Rupee which directly relates
to India’s growth worldwide. If Rupee’s value will
increase in comparison to the US Dollar then it'll
mean India will move ahead as a nation since USD
is considered a standard for comparison. A
comparison among these commodities can also
shed some light on how different these
commodities are.

The time series models selected are; Prophet,
ARIMA, and ARMA. Facebook’s Prophet is
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considered the state-of-the-art model for time
series forecasting due to its ability to avoid some of
the limitations associated with other models. These
limitations can be related to seasonality, trends,
error, etc. [3], while ARIMA and ARMA are the
classical statistical models for the same. It is
evident that for long-term price forecasting
Prophet has outperformed other time series
models but during our research, we have found
that these classical models outperformed Prophet
in short-term price forecasting. We have tried to
figure out the possible reasons for these results and
presented them in this paper.

IL. Literature Survey

Forecasting using time series models, especially
statistical models like ARIMA and ARMA has been
done quite a lot in the past. Researchers have
focused on either one particular model or they
have taken into account one monetary commodity
like Cryptocurrency or Stocks. Some of the
researchers have tried to compare multiple
commodities of the same category for instance [4],
[5], [6], and [7] have all compared multiple
cryptocurrencies using time series models. In [8],
the researchers have introduced and outlined the
advantages of a state-of-the-art Time Series Model
known as Prophet. In [9], the researchers
forecasted Bitcoin price using several models
including Prophet and ARIMA and they concluded
that while both models performed equally well,
ARIMA performed fairly better than Prophet. In
[10], the researchers forecast the prices of stocks
using ARIMA and LSTM. They concluded that
ARIMA outperformed LSTM, this further indicates
that Time Series Models are better suited for price
forecasting given the nature of these models and
their ability to handle the data with time
dependencies.

Several researchers have tried to predict
cryptocurrency or stock prices using other
Machine Learning algorithms as well as using
modified models whereas our research paper
focuses on Time Series Models as they are. In [11],
the researchers have tried to make a modified
model using Neural Network and Autoregressive
properties of Time Series Models to predict Bitcoin
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prices. In [12], the researchers have predicted
future prices of Bitcoin & Ethereum using several
traditional Machine Learning algorithms like Naive
Bayes, Random Forest, etc. Their research was
focused on comparing how Bitcoin is different from
other cryptocurrencies such as Ethereum when it
comes to future price prediction.

III. Time-Series Models

There are many Time Series models available for
the prediction of future price values. As stated
before, we have chosen three models for this
research.

ARMA: It is one of the most popular time series
models available today. It is simply a combination
of AR & MA with AR being autoregressive & MA
being moving average. It combines the best of both
worlds to provide an output that is better than
results produced individually by AR & MA models.
ARMA cannot stationarize the data itself, so a
modified ARMA-GARCH model is used to achieve
stationarity, or a more advanced ARIMA model is
used [13].

AR or Autoregressive Model uses past observations
as inputs to different regression equations to
predict the next value. Since the present value is
dependent on some previous past values, the value
doesn’t change too drastically. It uses PACF (Partial
Correlation Function) to find a correlation between
t & t-k. PACF will determine the order “p” which is
primarily the number of significant values
available in the given data. PACF will calculate lags
of all the previous time values concerning the
current time and the significant resultant values
will be the order of the AR model. MA or Moving
Average model computes errors or residuals of
past time series that have an impact on the current
time value to compute future values in the series.
In very general terms, we can say that it states that
the next observation is the mean of every past
observation. The unexpected factors at time
periods t-1, t-2, t-2, etc., that impact the current
time period value t is referred to as "Errors" or
"Residuals”. MA wuses ACF (Auto-correlation
Function) to find the correlation between t & t-k as
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ACF considers all past observations irrespective of
their impact on future or present time periods. It
takes into account all the lags available in the data.
The ACF values that are more significant are then
taken into consideration by MA for analysis.

ARIMA: It stands for Auto-Regressive Integrated
Moving Averages Model. ARIMA comprises 3 major
elements namely p, d & q where p represents
several auto-regressive terms in the model, q
represents the number of moving average terms
and d represents the total number of differences
that have been applied for estimating values. When
a simple regression is used to estimate the current
value of data, a single lag is used. This is not useful
when the data contains multiple lags that have to
be looked upon for making the prediction. So,
ARIMA is used when multiple lags are taken into
account. ARIMA model has 2 major types and they
are Seasonal ARIMA and Non-Seasonal ARIMA
[14]. ARIMA can be expressed by equation (1) [15].

Ye=c+ Z(pi * Yeoi) + 2(6; * &y) + &
(1)

where:

Y The time series value at time t,

c: A constant (optional),

;: Coefficients of the autoregressive (AR) terms
forlagsi,

Y.-;: The time series value at time t-i,

0;: Coefficients of the moving average (MA) terms
for lags ,j

€ The error term (white noise) at time t, and

g The error term (white noise) at time t-j

ARIMA is very similar to ARMA but the major
difference is in the "I" which stands for integrated.
This "I" represents the ability of the ARIMA model
to achieve stationarity. This is like a pre-processing
phase to stationarize the time series data if needed.
The need for stationarity arises since forecasting is
difficult because time series do not provide any
certainty to predict correct values. The chances of
correct prediction can improve greatly if the
statistical properties of data remain similar in the
future when compared to their past values. This
can be achieved by a stationary time series. A
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stationary time series whose statistical properties
such as mean, variance or auto-correlation, etc
remain constant over time. The majority of
statistical forecasting methods assume that a time
series can be rendered approximately stationary
after some mathematical transformation. ARIMA
does this via "differencing” which is denoted by "d"
and is also known as the degree of difference. The
factors left after differencing are termed residuals.
These residuals may sometimes contain data that
can be used to improve forecasting. So, a thorough
diagnostic check is performed where all the left
residuals are taken into account and it is checked
whether the residuals have any correlation with
the model. If they don't then the residuals are left
alone but if they do then these residuals become
part of the stationary data as shown in Figure 1.
ARIMA has proven to be very accurate in
cryptocurrency price prediction by studies

conducted [16].

Step 1: Identification of the model
(Choosing tentative p, o, g)

!

Step 2: Parameter estimation of the
chozen ARIMA model

r

Step 3: Diagnostic checking
(Residual checking)

!

Step 4 Forecasting and error checking

Figure 1: Forecasting model of ARIMA [17]

Prophet: It is open-source software released by
Facebook’s core data science team. Itis a procedure
for forecasting time series data based on an
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additive model where non-linear trends are fit with
yearly, weekly, & daily seasonality along with
holiday effects. Prophet works best with time
series that have strong seasonal effects & several
seasons of historic data.

The equation for Prophet forecasting is understood
by equation (2) [18]:

y(t)= g(t) + s(t) + h(t) + et
(2)

where:

y(t): the additive regression model,
g(t): trend factor,

s(t): seasonality factor,

h(t): holiday factor, and

et: error term

The prophet is used for accurate forecasting and
planning, It is very fast as it generates results
within seconds. Prophet does not require data pre-
processing & works with missing data as well as
with several outliers. Users can tweak forecasts by
manually adding domain-specific knowledge.
Prophet is used in many applications across
Facebook for producing reliable forecasts,
planning, and goal setting. It has usually
outperformed all its competitors in the majority of
cases. Prophet can adjust and make changes to its
forecast. It can take human interpretation as a
parameter to improve the forecast and expand the
knowledge domain. Prophet is optimized for
business forecasts related to Facebook like time,
daily, and weekly observations of history, within a
year, trend changes, missing observations, huge
outliers & trends that have a non-linear growth
curve. Prophet model is well suited for
cryptocurrency price prediction because of the
nature of cryptocurrencies. Although
cryptocurrency data does not have seasonality
they are highly volatile and this volatility creates a
lot of outliers. Prophet is built for problem
statements like these & hence it is apt for volatile

1996



Journal of Harbin Engineering University
ISSN: 1006-7043

data such as cryptocurrency. The basic workflow of
Prophet is shown in Figure 2.

Time series data

N

ILogistic Trend Function: g(t) &| |Yearly Seasonality: s(t)

Capacity value: C(t)
~

Find Changepoints:§;

v
Build Prophet Model

A

Forecasting Non-Linear Trend of Time Series
data for a specified horizon

y

Visualization of forecasting trend of the Non-
Linear Time series along with Changepoints

Figure 2: Workflow diagram of Prophet [19]

IV.  Proposed Methodology

As shown in Figure 3, we have taken three separate
datasets for three different monetary commodities.
These datasets contain daily closing prices of
Cryptocurrency (Bitcoin), Gold (in INR), and INR
value (in comparison to USD) ranging from 2014-
2022. We then performed Exploratory Data
Analysis (EDA) on these datasets where we took
into account several time series factors such as
trend, seasonality, cyclicity, and stationarity.

The time series in the cryptocurrency dataset
showed an upward trend, it was cyclic, stationary,
and non-seasonal. In the case of Gold, there was a
downward trend, and the time series was seasonal,
cyclic as well as stationary. Lastly, in the case of
INR, the time series was cyclic, non-seasonal, and
non-stationary, and showed an upward trend.
Augmented Dickey-Fuller test was performed on
all the datasets which confirmed that all three
datasets are non-stationary. The ADF values and p-
values suggested that despite being non-stationary,
the datasets were not too volatile.
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After EDA, the datasets were split to predict prices
for the next 60 days. Time series models were then
trained and results were evaluated for these
datasets. After this, a detailed comparative analysis
was performed on the time series models and
amongst the monetary commodities as well.

Cryptocurrency Gold price INR
Dataset dataset dataset
Y \i 4

Exploratory Data Analysis (EDA)
and data pre-processing

A4

Splitting the datasets for short-term price
forecasting (60 days)

\ 4

Training and evaluation of
selected time-series models

A

Comparative analysis of models
and the monetary commodities

Figure 3: Proposed methodology

V. Experimental Results

Forecasting results are calculated based on certain
parameters known as “errors”.
They simply showcase the difference between
actual values and predicted values. These errors
are then used to calculate the accuracy of the
models. Errors taken into account for this research
paper are:

RMSE (Root Mean Square Error): RMSE provides
the measure of the average magnitude of the errors
between predicted and actual values. RMSE is one
of the most popular metrics to evaluate error
percentages in forecasts and predictions. It is
calculated by taking the square root of the average
of the squared differences between predicted and
actual values, hence a lower RMSE value results in
a better-performing model [20]. The formula of
RMSE is shown in equation (3).
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RMSE = N[Z (i — §0)%/n]
(3)

MAPE(Mean Absolute Percentage Error): MAPE
provides the measure of the relative accuracy of
predictions or forecasts by calculating the average
percentage difference between predicted and
actual values. MAPE is expressed as a percentage
and a smaller MAPE indicates a more accurate
predictive model. The formula of MAPE is shown in
equation (4)

MAPE = (1/n) X |(vi — §0) / 31l x 100%

(4)

Table 1 shows MAPE, RMSE, and Accuracy scores
for the time series models used in the research

paper.

Table 1: Forecast results

Cryptocurrenc
y price Gold price INR price
forecast forecast forecast
Met|Pro Pro Pro

rics(phe |ARI (AR |phe |ARI [AR |phe |ARI [AR
t MA |[MA |t MA (MA |t MA (MA

RM | 231|612 539
SE (08| 6 0 6 5 3 7 3 7

MA (56.7|13.8|11.8
PE 3 2 8 [3.91]|4.29( 1.9 |9.44| 1.9 |6.83

Acc
ura |43.2(86.1|88.1[96.0/95.7]98.0/90.5|98.0(93.1
cy 7 8 2 9 1 1 6 1 7

Figure 4 showcases a visualization of accuracy
scores for all three-time series models used.

W Prophet Wl ARIMA ARMA

~
o

Accuracy

Crypto Gold INR

Monetary Commodities

Figure 4: Comparison of forecast accuracies
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VL. Conclusion

Although all models performed fairly well, it is
evident from the results that ARMA and ARIMA
outperformed PROPHET by a fair margin in almost
all categories. PROPHET did not perform as well as
the other two statistical models in the case of
Cryptocurrency while it also did not come on top in
the case of Gold and INR. Despite being a state-of-
the-art and modern Time Series Model, the results
showed that it failed to perform better than
traditional Time Series Models such as ARMA and
ARIMA. It is known that PROPHET requires a large
amount of data to perform well which is not
possible in the case of certain monetary
commodities such as Cryptocurrencies as it was
only introduced in 2008. This is one of the major
reasons why it performed poorly in the case of
Bitcoin.

ARMA was the overall winner when these models
were compared despite being the oldest and most
basic of all three models. ARMA outperformed
PROPHET and ARIMA in the case of
Cryptocurrency and Gold. ARMA performed well in
the case of INR price prediction as well. ARIMA
provided the best accuracy in the case of INR price
prediction. The datasets taken into account were
non-stationary but the Dickey-Fuller test
performed on them while EDA suggested that they
were not too volatile and that may be the reason
why ARMA performed better than a theoretically
better model like ARIMA or a state-of-the-art
model like Prophet. There was no seasonal
component in the case of the INR dataset but there
was a cyclic component present in it, this factor
made it more volatile and that's possibly why
ARIMA came on top in the case of INR. Prophet,
while performing quite well in the case of INR and
GOLD, fell short against ARMA and ARIMA simply
because it was overfitting in comparison to the
nature of the data.
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