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ABSTRACT

Forecasting time series data using historical values has been gaining momentum in recent days. Forecasting is used in various
industries like Finance, Healthcare, Energy and Consumer Analytics. Many financial institutions have leveraged forecasting
mechanisms to predict their cash flows in future for arriving at effective management decisions. For cash flow analysis, this paper
focusses on Autoregressive Integrated Moving Average (ARIMA) and Seasonal ARIMA Models in Time Series Forecasting. The

models are trained on the historical payables data and used to predict the payables in the test data.
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1. Introduction

Corporate sectors are harnessing the power of Machine
Learning algorithms to enhance decision-making in management.
One of the highly sought-after applications in the financial
sector is Account Payables Prediction, enabling businesses to
anticipate and strategize impending financial responsibilities.
Precise forecasting of accounts payable provides organizations
with crucial insights into their data, enabling informed financial
decisions and preventing unexpected expenditures. This
accuracy in Payables Prediction empowers management to
monitor expenses effectively and plan for the upcoming fiscal
year. The modeling of payable transactions involves employing
stochastic time series modeling techniques

The time series forecasting method proves particularly
valuable when limited information exists about the impact of
explanatory variables on the output. In this

Modeling approach, the dependent variable or output relies
solely on its historical values. Once a model is established, it

becomes a tool for predicting future values. Time series methods
have undergone extensive study in the field of forecasting
and continue to see ongoing enhancements. Among the well-
explored models, ARIMA (Autoregressive Integrated Moving
Average) stands out, widely acknowledged for its simplicity in
implementation and utilization of the box-Jenkins methodology.

In this paper, ARIMA models, both the seasonal and non -
seasonal variations, have been studied to predict the daily account
payables using historical data. The dataset is preprocessed, and
the historical data is trained using ARIMA models to predict
the payables in future. Finally, the performance of the model is
judged by necessary error analysis.

2. Literature Review

ARIMA is among the simplest yet popular statistical methods
that have been applied to time series model. ARIMA popularity
can be credited to the effort of Box and Jenkins. ARIMA
model is developed by integrating two different forms of linear
regressions, the Autoregressive (AR) and the Moving Average
(MA). AR (p) and MA (q) model is expressed as.
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Here, al,...,ap, and ml,..., mq are the parameters of
autoregressive and the moving average portions respectively; the
constant in the expression is denoted by c. p and q represents the
order of respective AR and MA portions. White noise is denoted
as et. In equation (2) ut, ut — 1,...,ut — q represents white noise
(error) terms. Expectation of y(t) is represented by p. Integrating
the two models represented by (1) and (2) using same data of the
training set, the ARIMA (p, q) becomes.

Here p represents the autoregressive and q represents the
moving average terms. For this model the prime requirement is
to make the time series data statistically stationary in terms of
mean, variance, and autocorrelation. In case the data displays
nonstationary, the data must be differenced. This helps to convert
the data into a stationary time series data resulting in ARIMA
(p,d,q) where d refers to the degree of differencing.

The account payables show the obvious periodic transactions
resulting from seasonal changes. These seasonal changes can
be dealt with using the SARIMA model. This model is formed
by incorporating a seasonal term in the ARIMA model. The
SARIMA model in the general form is expressed in the form
SARIMA (p,d,q) (P,D,Q)S. In this expression p signifies the
order of autoregressive while P signifies the order of seasonal
autoregressive. Order by difference is represented by d and D
represents the seasonal difference. The term q and Q represent
the order of MA and SMA respectively. S represents the
seasonality. The seasonal portion of the model will be depicted
by the seasonal lags of the correlation function plots.

3. Methodology
3.1. Data preprocessing

The real time Account Payable transactions provided by the
City of Oxnard Finance Department for the fiscal year 2021 and
preceding four fiscal years are considered for this paper. The
data is available at https://data.oxnard.org/Financial-Data-and-
Reports/Accounts-Payable-Transactions/ay6a-gmt6/about_data.
The dataset contains daily payables transactions, check number,
vendor name, description, and invoice number. Table 1 shows
the overview of the data present in the dataset. The account
payables are shown as a time series using python in Figurel.

Table 1: Overview of account payables.

Date CheckNum VendorName  Amount Description  AccountNumber InvoiceNumber AcctPerYr AcctPerMo

0 08252014 9993988 MISCELLANEQUS VENDOR CX 137343  LID-560 POCKET READER 4A 101-2106-802.81-36 544 2015 2

1 07/09/2020 373810 THE WHARF  134.80 SAFETYBOOTS 101-5701-805.81-05 86037 2019

2 07/2212020 374267 ERECYCLING OF CALIFORNIA 529 54

3 081252020 373524 MOTOR VEHICLE NETWOSK 60000 BEVERAGE CONTRECYCLING 631-6828-323 82-09

7

EWASTE 631-6301-842 82-09 87656 2020 €
20-38202 2020 9

9

4 05/13/2020 373208 HARRIS WATER CCNDITIONING ~ 40.00 ENGINEESING WATER  101-3201-803 81-02 47638 2020

E3T w14 T a0 e

Figure 1: Account payables transactions as time series plot.

The payables are grouped for each date irrespective of
vendor name and invoice number for time series modelling and
the overview of the cumulative transactions per day are shown
in Table 2.
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Table 2: Overview transactions grouped by date.

Date Amount

0 2009-04-28 -175.00
1 2009-06-02 -39.93
2 2010-01-19 -10.00
3 2010-03-16 -44 .58
4 2010-05-18 -10.00

The time series signal is tested for stationarity using
Augmented Dickey-Fuller Test (ADF) test using “adfuller”
command in python kernel. The ADF statistic and p
value for the signal is calculated as -7.967 and p-value as
2.846440640523167¢-12. The p-value for the signal is less
than 0.05 and the signal is considered stationary. There is no
differencing needed to convert the signal into a stationary signal
for ARIMA Modelling. The time series signal is considered as
additive and the decomposition of the signal is shown in the
Figure 2
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Figure 2: Seasonal decomposition of the data.
3.2. Model selection

The process of model identification involves establishing the
values of the parameters p (for autoregressive components) and q
(for moving average components) in both ARIMA and SARIMA
models. Various methods are documented in the literature for
ascertaining these parameters. In this investigation, the ACF
and PACF plots have been employed to discern the optimal
parameter values. The model parameters are deduced through
a meticulous examination of the correlation graphs (ACF and
PACEF), enabling a precise estimation. The ACF and PACF plots
for the data is shown in Figure 3 and Figure 4. For our case, we
find out, p =5 and q=1 while using our data set. We use the value
of differencing parameter d = 0.
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Figure 3: PACF plot of the time series data.
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Figure 4: ACF plot of time series data.
3.3. Performance evaluation

The correctness of the model was evaluated using model
accuracy measures like Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE).

4. Prediction Results

Arima (5,1,0) model was used for forecasting the payables.
The dataset is split into 80% train data and 20% as test data.
The model was trained on historical train data and the trained
ARIMA model was used to predict the values on the test data.
The RMSE and MAE values calculated for the ARIMA (5,1,0)
was 2241610.56 and 1253773.99 respectively. Figure 5 shows
the payables predicted by the model for the test data. The test
data of payable transactions were used to forecast using the best
selected SARIMA models among the ten models to find the best
fit model. Figure 6 shows the forecast results (best possible)
using the model SARIMA (1 1 1) and the RMSE for the model
was calculated as 2098710.87.
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Figure 5: ARIMA (5,1,0) model forecast results on test data.
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Figure 6: SARIMA (1,1,1) model forecast results on test data.
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5. Conclusion

Account payables transactions available for the City of
Oxnard were taken for this case study. Two types of models
were applied on the data for forecasting the future values:
ARIMA model and SARIMA model. Their performances were
evaluated. The conclusion is based on the results obtained from
the experiments conducted for this study. Based on the model
evaluation metrics, better forecasting results are obtained using
SARIMA model. Hence, SARIMA model would be the best
fit in this case. However, the account payables transactions
forecasting model can be further improved by identifying the
outliers in the transactions and utilizing the other modelling
techniques. The author intends to incorporate these factors in the
further study of account payables forecast.
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