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Abstract

Research Questions: Which of the forecasting methods (SMA, ARIMA, ES) is the most
informative? Can forecasting methods be used to verify each other's results? How do the
manipulations in historical data affect the forecasting of accrual and cash ratios?

Motivation: addressing the challenge of analytical precision in financial forecasting, the
research proposes and empirically investigates the financial forecasting approach based on
integrated cash-based and accrual-based ratio analysis in the dimensions of solvency,
liquidity, efficiency and profitability.

Idea: The effectiveness of the forecasting methods based on ratio analysis is evaluated by
determining the most informative approach while examining how data manipulations
influence forecasting outcomes.

Data: Historical panel data for seven years (2015-2022) from financial statements of two
production companies listed on the Baltic Stock Exchange was taken as a base for equally-
weighted ratio calculations: solvency, liquidity, efficiency and profitability. Based on the
ratio results, the forecasting for three years was done.

Tools: Quantitative forecasting methods included Simple Moving Average method
implemented in Excel, and ARIMA and Exponential Smoothing done via R-Script.

Findings: Exponential Smoothing is the most informative method of forecasting for three
years due to its sensitivity to data fluctuations, particularly in cash-based ratios. The forecasts
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based on accrual data show smoother trends when a company manipulates its data in accrual-
based financial statements but does not manipulate the historical cash data. Volatility or
conflicting results within the accrual-based and cash-based ratio pairs reveal the actual
situation.

Contribution: The research contributes to knowledge and empirical research on financial
forecasting by integrating accrual and cash-based ratios for enhanced precision and
demonstrating superior capabilities of Exponential Smoothing for detecting anomalies and
improving credit risk analysis frameworks.

Keywords: cash-based ratios, accrual-based ratios, ratio analysis, forecasting, financial
health.

JEL Codes: G17; G33; C53

1. Introduction

Nowadays, the importance of the cash flow statement analysis in forecasting is
widely discussed (Khansalar & Namazi, 2017; Jury, 2012; Carslaw & Mills, 1991)
and it becomes clear for academics and practitioners that cash-flow-based
forecasting is more trustworthy, as it is harder to manipulate the data in the cash flow
statement compared to the forecasting based on the traditional financial statement
(Jury, 2012). The important part of the present paper is the ratios used in forecasting.
There are plenty of studies comparing the accrual-based to cash-based ratios in the
financial analysis and proving the higher analytical precision of cash-based ratios
(Litvinenko, 2023; Rujoub et al., 1995; Carslaw & Mills, 1991). There is also an
ongoing discussion about the combination of accrual-based and cash-based methods
in financial analysis (Hu & Kim, 2019; Toma et al., 2015; Shi et al., 2014). However,
the use of combined cash-based and accrual-based methods in forecasting still
requires knowledge development (Noury ef al., 2020; Francis & Eason, 2012). The
present work contributes to the knowledge and empirical research about the different
methods of forecasting empowered with the combinations of accrual-based and cash-
based ratios.

The aim of the present work is to explore the effectiveness of three commonly used
methods for the conduction of forecasting based on accrual and cash-based ratios in
four dimensions: solvency, liquidity, profitability and efficiency. The forecasting
will serve to determine the financial health of the companies, their pre-bankruptcy
state and their level of credit risk. There have been attempts to determine the
financial health of the companies using different methods, however, they used
numbers only from accrual statements (Karpac & Bartosova, 2021). There are three
methods of forecasting used in the paper: Simple Moving Average (SMA), ARIMA
and Exponential Smoothing (ES). They are compared and analyzed to find out which
method provides more comprehensive forecasting of the financial health and the
level of credit risk of the companies.
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The authors used mixed methods of research. The data is obtained from the financial
statements of two production companies from Eastern Europe publicly listed on the
Baltic Stock Exchange. The quantitative method used for ratio calculations based on
historical panel data, Simple Moving Average, is calculated in Excel and used the
R-Script code for the conduction of ARIMA and ES forecasting methods performed
in R Studio. The obtained quantitative result was analyzed with the help of
qualitative methods where the managerial and auditors’ reports were used to support
the analysis and draw conclusions.

The present paper has the following research questions:

RQ1. Which of the forecasting methods (SMA, ARIMA, ES) is the most informative?
RQ2: Can forecasting methods be used to verify each others' results?

RQ3. How do the manipulations in historical data affect the forecasting of accrual
and cash ratios?

In this paper, we apply the method elaborated by Litvinenko (2024), which was
initially used to analyze historical data for determining the pre-bankruptcy state of
the companies. In the present paper, the method will not only be applied to historical
data but also extended to forecasting. This method divides ratios into four equally
weighted groups ("dimensions") for both accrual and cash-based ratios, carefully
selected to assess financial health. Each accrual-based ratio has a corresponding
cash-based ratio, resulting in a total of 24 ratios (12 accrual-based and 12 cash-
based), referred to as "equally weighted ratios". This method reveals potential
discrepancies between accrual and cash-based measures, indicating possible
manipulations.

The present paper consists of the following parts. The literature review in Chapter 2
creates the necessary theoretical base. The research design in Chapter 3 and the
research method in Chapter 4 describe the methodology and present the R code in
subchapter 4.1. Chapter 5 represents the analysis and discussion of the results of the
empirical research. Chapter 6 concludes the study.

2. Literature review

This part of the paper presents the main theoretical standpoints, terms, and notions
connected to the research topic and reviews it from different angles, presenting
various opinions. Currently, the decision-makers within the companies pay more
attention to accrual-based statements analysis and forecasting rather than cash-based
sources, such as cash flow statements (Steinberga & Millere, 2016). The accrual-
based elements are also used in the attempts to forecast the financial health of the
enterprises (Karpac & Bartosova, 2021), even developing the formula with four
elements (where stability, liquidity, activity & profitability are considered as the
indicators of the financial health) without taking into account the cash flow statement
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data. A wide variety of models were analyzed without paying attention to the absence
or presence of cash-based elements and their effect on the reliability of the model,
yet many famous accrual-based models, including Z-Score, were classified as not
reaching 80% reliability (Camska, 2019). However, with the growing importance of
forecasting, as many industry players rely on frequently changing data sets and
outputs (Timmermann, 2018), academics and practitioners will turn to cash-based
forecasting or combined accrual-based and cash-based forecasting to gain higher
precision.

2.1 Defining methods of forecasting

First, it is important to understand the notion of forecasting. Diebold and West (2001)
note that in finance, forecasting predicts revenue streams and asset prices, while in
economics, it anticipates economic conditions affecting investment and
consumption. Krylov (2018) defines forecasting as generating future trend estimates
based on historical data and emphasizes its role in analyzing financial statements to
enhance company health. Jury (2012) highlights that forecasts, governed by
Bayesian probability, represent one possible future among many, based on
assumptions of certain circumstances. The Bayesian approach suggests that
decision-makers update their beliefs probabilistically as new information emerges.
It extends classical statistics by providing a flexible interpretation of probability,
valuable in economic and financial modeling. Since the 1970s, Bayesian methods,
as demonstrated by Zellner (1971) and Geweke (1999), have gained traction in
forecasting, particularly in models like ARIMA, by combining prior knowledge with
observed data. Forecasts are not predictions but tools for modeling various scenarios,
allowing managers to explore potential outcomes and develop strategies (Shi et al.,
2014; Jury, 2012). Quantitative forecasting methods, classified into time series and
economic forecasting (Majid & Mir, 2018; Makridakis et al., 1979), analyze
sequential observations over time (Chatfield, 2000). Data aggregation, approached
either bottom-up or top-down, influences forecasting accuracy, with the bottom-up
approach generally being more precise (Montgomery et al., 2012; Dangerfield &
Morris, 1992). This work examines the quantitative approach to forecasting, which
is often more effective than judgmental methods (Makridakis et al., 1979; Elton &
Gruber, 1972). The popularity of the ARIMA time series model is noted, though no
single econometric model is universally superior (Makridakis et al., 1979; McNees,
1978; Christ, 1975; Fromm & Klein, 1973; Cooper, 1972; Jorgenson et al., 1970;
Leser, 1966).

2.1.1 Simple moving average method of forecasting
The simple moving average (SMA) method predicts future values by calculating the

unweighted mean of a fixed number of preceding data points, using the following
formula
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A(t—-1)+A(t-2)+A(t-3)+..+A(t—n)
n

F(t) = (D
Where F(t) is forecast for the coming period, A(t-n) is the past data, and n — number
of periods considered (Droke, 2001). Although, some scientists argue (Armstrong,
2001; Makridakis et al., 1979) that this method is more suitable for short-term
forecasting, it remains widely used despite its limitations in financial management
forecasting and accounting forecasting both by academics and practitioners to
identify stable trends in datasets and when simplicity and minimal computational
requirements are priorities (Prackhaow, 2010; Economic Comission for Latin
America, n.d.).

2.1.2 ARIMA method of forecasting

The ARIMA (Auto Regressive Integrated Moving Average) model is crucial in time
series forecasting. It operates by differencing observations to produce a stationary
series, capturing both upward and downward movements with equal probability
(Cuellar & Séanchez, 2016). Mathematically represented as

Yi—Yi1=¢&
Yi=Y1+¢& 2

where &; — represents white noise, ARIMA effectively smooths fluctuations yet
struggles with fat-tails and volatility clustering in financial data (Petricé et a/., 2016).
Thanks to its flexibility the hybrid models are possible, such as ARIMA-ANN,
which combine nonlinear and linear dynamics for enhanced accuracy (Wang et al.,
2013). Moreover, the integration of algorithms like Hyndman-Khandakar further
enhances predictive precision through optimizing the Akaike Information Criterion
(AIC) through Maximum Likelihood Estimation (MLE) (Hyndman & Khandakar,
2008). The applicability of the method ranges across domains, including economic
planning and GDP recovery post-disasters, demonstrating adaptability (Zhu et al.,
2018; Dong-mei, 2010).

2.1.3 Exponential Smoothing method of forecasting

Exponential Smoothing (ES) is also a widely applied forecasting technique in
finance and accounting, especially effective for trend analysis, inventory control, and
seasonality adjustments (Gardner, 2006). The method adjusts forecasts by weighting
recent data more strongly using the equation

St = OCXt + (1 - a)St_l (3)

where S; — is the smoothed value; X; the actual observation, and & — is the smoothing
constant (Gardner, 1985). The method is known for adaptability in capturing
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stochastic changes and noise reduction that enhances accuracy in demand prediction,
income analysis, and socioeconomic indicators (Shvaiba, 2019; Aljandali, 2017,
Tratar et al., 2016; Jun & Oliver, 1985). Moreover, its integration into quality
function deployment and sales forecasting demonstrates its flexibility across
different domains (Lin & Koo, 2007; Taylor, 2004; Snyder et al., 2002). ES is
considered to be a robust tool for financial and operational planning despite its
reliance on initial parameters (Billah et al., 2006).

2.2 Cash flow ratios forecasting

This section explores cash flow forecasting, its objectives, and its characteristics.
Early studies from the 1980s and 1990s focused on accrual-based predictions for
future cash flows, but later critiques deemed these findings more descriptive than
empirical. Arimany and Viladecans linked a company’s lifecycle stages to its cash
flow activities, supported by research from the US and EU, while the predictive
power of cash flow statements remains debated (Ball & Nikolaev, 2022; Hajiannejad
et al., 2020). Rajendra (2013) emphasized the importance of cash flow forecasting,
which is often overlooked in operations. Business practices (Campbell, 2017; Jury,
2012) confirm its significance for financial stability, highlighting the need for
forecasts to align with an enterprise's specific needs, crucial for strategic planning
(Foley & Khavkin, 2019). The proper allocation of cash for investments, dividends,
or debt repayments should match managerial expectations and obligations
(Hendriksen & Van Breda, 1992). A well-constructed forecast is key for financial
decision-making, optimizing returns, reducing costs, and ensuring liquidity
(Rajendra, 2013). Cash flow ratios, which are more effective than traditional
ratios in assessing financial health (Rujoub ef al., 1995), can enhance forecasting
accuracy and help evaluate a company’s cash generation and decision impacts
(Carslaw & Mills, 1991). These ratios also identify inaccuracies in accrual-based
forecasts (Litvinenko, 2019) and predict business failures by linking cash
movements to performance (Rujoub ef al., 1995). Thus, using cash flow statements
for analysis and forecasting is crucial for tracking profitability and solvency. This
paper underscores the critical role of cash flow ratios in measuring a company's
solvency, liquidity, and profitability, indicators vital for its sustained success. More
explicitly, the ratio analysis and pairing of the ratios through four dimensions
(solvency, liquidity, profitability and efficiency) are explained in the paper about the
method (Litvinenko, 2024).

3. Research design

The research design of this paper aligns with the research questions and problem. To
answer the research questions, we focused on two Eastern European production
companies listed on the Baltic Stock Exchange: Linas Agro Group and Auga Group.
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These two companies were selected to illustrate the applicability and features of a
novel compound method of financial analysis and forecasting. Linas Agro and Auga
Group are the two production companies operating in the Baltic agricultural sector.
Both have shares outstanding in the Baltic Stock exchange and are comparable in
terms of size, markets and operations. At the same time, they have different financial
strategies, which represents the perfect characteristic feature to illustrate the
application of the novel method. Another relevant factor is that these two companies
and their financial behaviour have been studied for almost a decade, resulting in a
number of publications that allow us to double-test the precision of the newly
developed method.

The research design comprised four steps:

1. We analyzed the companies' annual reports and calculated comparable accrual-
based and cash-based ratios in the dimensions of solvency, liquidity, efficiency,
and profitability.

2. We applied the Simple Moving Average forecasting method to these ratios.

3. We wrote R code and implemented two additional forecasting methods, ARIMA
and ES, based on the primary data.

4. Finally, we analyzed and compared the forecasting results.

We used mixed methods for our empirical study. The calculation of ratios,
forecasting, and R code represent the quantitative methods, which focus on deriving
future insights from historical financial data. This approach aligns with our
objectives and the numerical format of the data, facilitating machine interpretation
(Chatfield, 2000). Qualitative methods involved analyzing managerial and auditors'
reports from Linas Agro and Auga Group in the analytical part of the study.

4. Research method

To conduct the analysis in the first step of the empirical study, we used historical
panel data for seven years obtained from the financial statements of Linas Agro and
Auga Group. We used this data for the calculation of ratios to generate the primary
data for further analysis. The absolute values were used for calculations. It is
important to explain the choice of the ratios in step 1. We extended the application
of the ratio analysis method developed by Litvinenko (2024). This method
categorizes ratios into four equally weighted groups (""dimensions") for both accrual
and cash-based ratios, specifically selected to determine financial health. Each
accrual-based ratio has a corresponding cash-based counterpart close by the
meaning, totaling 24 ratios (12 accrual-based and 12 cash-based), referred to as
"equally weighted ratios" in this study. The ratio pairs are presented in Table 1.
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Table 1. Cash-based ratios and their accrual-based counterparts for solvency,
liquidity, profitability and efficiency analysis. Source: Litvinenko (2024)

Accrual-based ratios Cash-based ratios

Solvency

Interest Coverage Ratio Cash Interest Coverage

Debt to Equity Ratio Total Debt (Cash flow-to-debt ratio)

Equity to Assets Ratio Capital Expenditure
Liquidity

Current Ratio Operating Cash Flow (OCF)

Quick Ratio Cash Debt Coverage

Equity Multiplier Investment to Finance Ratio (I/F)

Profitability

Return on Equity Cash Return on Stockholders' Equity

Return on Assets Cash Return on Assets

Return on Capital Cash Return on Debt, Equity
Efficiency

Assets Turnover Quality of Sales

Capital Turnover Cash Flow Per Share (CFpS)

Cash Turnover Quality of Income

Source: developed by Litvinenko (2024)

Based on the data calculated with the use of the method explained above, we
conducted Steps 2 and 3, performing the forecasting with the use of SMA, ARIMA
and ES. The forecasting was done for 3 years because the present dynamic
development of the economic environment and the numerous dynamic factors
affecting forecasting make the conventional 5-year horizon irrelevant in this case.
SMA results were calculated in Excel. ARIMA and ES methods were conducted in
R Studio. The results of SMA calculations in Excel and the R Script code are
presented via the link below for the convenience of the readers:
https://www.scidb.cn/en/anonymous/WWS55SWZI.

The R Script code written for the performance of the forecasting is discussed in the
following subchapter.

4.1 R Script code in forecasting

First, we used the package Dplyr, which is a combination of multiple other packages
that belong to the Tidyverse ecosystem (Wickham et al., 2019). These packages aim
to provide tools for cleaning and preprocessing data before constructing time series
for forecasting. Secondly, we used the ggplot2 package, which equipped us with the
tools needed to visualize our results graphically. We chose ggplot2 because it offers
the widest variety of options for presenting data in graphical form.
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In addition, the lubridate package is employed because our dataset contains variables
in date and time formats, as visible between lines 14 and 28 in the code provided via
links. Being a part of the Tidyverse ecosystem, lubridate is used to standardize the
formatting of these time variables across all datasets, ensuring consistency and
eliminating any errors or timeline mismatches (Wickham et al., 2019). In order to
generate forecasts, the data must be formatted into time series variables. A time
series variable consists of a sequence of numerical data points in sequential order.
This formatting step is essential to ensure that the data is accessible in later phases
when producing forecasts using the ARIMA method. The transformation is
performed using the 'TS' function. This function involves selecting the data and its
corresponding columns. In the 'frequency’ clause, we specified that the data is annual
by setting the value to 365. Additionally, in the 'start' clause, we indicated that the
starting point is the year 2017, with day number 1. This is visible between lines 112
and 136 in the code. The Arima forecast is started by decomposing the different
elements (trend, variance, seasonality) out from the time series. This is done by the
decompose function. Then, these variables are inserted into the auto.arima function
that would construct the optimal model for the forecasting. The forecast itself was
done by the forecast function from the forecast package, which applies the model
given by the auto.arima function into the time series. This is visible between lines
138 and 286 in the code.

In the case of ARIMA and ES regression forecasting, the graphs were produced by
using the GGPLOT2 function package. For ARIMA, this is visible between lines
291 and 465 in the code. The data used for the ES is the same as for ARIMA, which
enabled us to use the same time series formed between lines 55 and 79. Since it is
cleaned and the time series is formed, the ES forecast can be done. The code shows
it between lines 84 and 250. The ARIMA model decomposes the time series into
three components: trend, seasonality, and frequency component using the
decompose() function. Before that, the dataset was ensured to be stationary through
calculating the difference between two different points by the diff() function, and the
outcome was determined by the unit root test through auto.arima() function. The
quality of forecasting was ensured by the Akaike information criterion (AIC), where
we measured the amount of data that has been lost when making new points of
forecasting with stationary data (normally, y-1). To make sure that three data points
would be enough for forecasting, we split them into three different components,
meaning that instead of three forecasting points, we actually had nine. The dataset
was made stationary by differencing and confirmed by a unit root test. The best
outcome from all the possible outcomes has been picked by AIC which is built into
the forecast() function.

The ES forecast is done by the ses function from the xts package. The first variable
inside the function is the data used for forecasting. The alpha parameter specifies the
smoothing constant, which controls how much weight is given to recent observations
(where a higher alpha means more weight is given to recent data, reflecting strong
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fluctuations expected). The h variable is set to 10, indicating that the forecast will
cover 10 time periods, including the years 2015 to 2022 and 3 additional years into
the future, making a total of 10 forecast points. In the next step, we formed the
outcome from the list variables into a dataframe with the use of the data.frame
function. After that, we selected the first 3 rows from this dataset, which correspond
to the forecasts for the years 2023, 2024, and 2025. Then, we used as.numeric
function to convert the values in these rows from character strings to a numeric
format. The final step in the process is presenting the results graphically. The graph
is structured similarly to the one presented in the ARIMA section, ensuring a
consistent comparison. This is visible in the lines between 264 and 456.

5. Results and discussion

This chapter presents the results of empirical research, analyzing Linas Agro and
Auga Group the four dimensions (solvency, liquidity, profitability, efficiency) via
three methods of forecasting: Simple Moving Average, ARIMA, and ES. For each
of the three dimensions, there are three pairs of ratios, and each ratio is calculated
with three methods. We will review each pair for both companies. The results of
forecasting are represented in Figures for convenient analysis. In every pair, the
accrual-based ratio is on the left side, and its cash-based ratio counterpart is close by
the meaning it is on the right side. First, we compare the accrual-based and cash-
based ratio pair calculated with three methods for Linas Agro Group, then for Auga
Group. After that, we will compare the results between companies as well.

5.1 Solvency ratios

The first pair is the Interest Coverage Ratio and Cash Interest Coverage for Linas
Agro Group. Comparing the accrual Interest Coverage ratio and Cash Interest
Coverage ratio in Figure 1, forecasting results for the first pair at Linas Agro, SMA
probes the most stable for both ratios.

Figure 1. Accrual Interest Coverage (a) and Cash Interest Coverage
(b) ratios for Linas Agro

Figure 1 a) Linas Agro Interest Coverage Ratio Figure 1 b) Linas Agro Cash Interest Coverage

9.00 10.00

Interest Coverage Ratio

Cash Interest Coverage

0.00 £
2023 2024 2025 0 2023 2021 2028

Arima 1.21 7.52 7.01
Exponential Smoothing 545 27 181
= Moving Average 307 1.00 4.03

516 151 514
6.51 571 6.03

Year Year

Source: created by the authors

Vol. 24, No. 2 337



Accounting and Management Information Systems

ARIMA captures growth effectively but shows greater variability in cash forecasts
compared to accrual. ES is highly reactive to data shifts, highlighting short-term
fluctuations, which might seem as a lack of consistency for the adepts of traditional
forecasting, but in fact more informative about the potential historical data
manipulations. The contrasting trajectories of accrual and cash ES forecasts indicate
that data manipulation significantly impacts its projections. The same pair for Auga
Group in Figure 2 reveals that accrual forecasts show greater variability compared
to cash forecasts.

Figure 2. Accrual Interest Coverage (a) and Cash Interest Coverage
(b) ratios for Auga Group

Figure 2 a) Auga Group Interest Coverage Ratio Figure 2 b) Auga Group Cash Interest Coverage
1000 12.00
£.00 10.00
2 6.00 %
& § 0o
g
% 4.00 3
z § 6.00
L 2.00 g
vﬁ, -;_ 4.00
a 0.00 -_— G
200 200
_—
=1.00 0.00
2023 2024 2025 2023 2024 2025
Arima 0.41 6.25 5.06 Arimia 9.74 9.01 8.10
Exponential Smoothing 834 2.09 -m ‘Exponential Smocthing 17 242 L1

—Moving Average 0.40 0.18 030 ——Moving Average 140 132 0.94
Year Year

Source: created by the authors

SMA of the Auga Group is the most consistent for both ratios, offering reliable
baseline predictions. ARIMA provides more insights into capturing dynamic trends,
especially in accrual data, where it highlights significant peaks. ES is highly reactive
to fluctuations, resulting in extreme variability in accrual forecasts and moderate
instability in cash forecasts, indicating a potential sign of data betterment attempts
from the company’s side.

Comparing Linas Agro (Figure 1) to Auga Group (Figure 2), we see completely
different pictures in forecasting patterns, techniques and reliability in the first ratio
pair. Linas Agro shows steadier accrual-based forecasting, while its cash-based
projections demonstrate significant volatility, expressing sensitivity to data
irregularities. On the contrary, Auga Group shows a reverse trend where its relatively
stable cash-based forecasts are contradicted by highly variable accrual-based
predictions. This divergence underlines how historical data manipulation impacts
forecasting outcomes, with ES being the most affected method due to its precision.
ARIMA consistently stands out for capturing dynamic trends for both companies,
particularly in contexts with fluctuating data, while SMA provides robust and
reliable predictions for stable and long-term analysis.
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The next pair is the accrual debt-to-equity ratio and cash total debt ratio (cash flow-
to-debt) represented in Figure 3. The analysis of Linas Agro for this ratio pair
highlights significant differences in accuracy and sensitivity to data manipulation
between the ratios and across three forecasting methods.

Figure 3. Accrual Debt-to-Equity (a) and Cash Flow-To-Debt (b) ratios Linas Agro

Figure 3 a) Linas Agro Debt to Equity Ratio Figure 3 b) Linas Agro Total Debt (Cash flow-to-debt ratio)

120 0.20

Debt to Equity
-
2
Total Debt (Cash flow-ta-debt ratio)

2023 2024 2025 2023 2024 2028

——Moving Average (X7} 074 075 —Arima 006 0.04 -0.08

‘Exponential Smoothing 1.08 095 0.84 Exponential Smocthing 043 0.20 011

] 0.97 093 [ = Moving Average 0.15 014 015
Year Year

Source: created by the authors

SMA and ARIMA show consistent and stable results in both accrual and cash-based
forecasts. In contrast, ES in the accrual ratio shows a sharper decline than other
methods, suggesting that it is more reactive to historical data trends. A high volatility
of ES may question the data integrity in scenarios with radically different forecasting
between accrual and cash ratios.

The same pair for the Auga Group is shown in Figure 4. From the comparison of
forecasting methods for accrual-based and cash-based ratios, it becomes evident that
SMA represents the most consistent and reliable method for both accrual-based and
cash-based forecasting due to its stability and resistance to historical data
manipulations.

Figure 4. Accrual Debt to Equity (a) and Cash Flow-to-debt
(b) ratios for Auga Group

Figure 4 a) Auga Group Debt to Equity Ratio Figure 4 b) Auga Group Total Debt (CF-to-Debt Ratio)
120 0.40
= 035 *—’_’_—\\_\
_— (=)
1.00 — g 30
i 0.25
N 050 4
= £ 020
E & 0.10
0.40 5 0.08
0.20 E e
- -0.05
oo 2023 2024 2025 ole 2023 2024 2025
s Arima L00 1.04 106 — Arima 0.35 0.36 0.31
Exponential Smoothing 1.07 0.93 0.64 Exponential Smocthing o.11 0.13 -0.06

——Moving Average 0.57 0.61 063 ——Maving Average 0.06 0.06 0.08
Year Year

Source: created by the author
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ARIMA shows good performance in capturing minor trends, yet suggests that it
needs a context-dependent application, as it shows contradictions in upward accrual
and downward cash-based forecasting. ES, with its responsiveness, is volatile, which
makes it a strong indicator that further investigation in the data is needed if its
projections are radically different from other methods.

The comparison of the forecasting results between Linas Agro (Figure 3) and Auga
Group (Figure 4) reveals significant differences in forecasting performance across
the three methods. For Linas Agro, in both ratios, SMA and ARIMA express
consistency and reliability, where SMA shows more stable results in the long run,
while ARIMA captures nuances in trends. ES shows volatility for both ratios, with
dramatic declines in accrual ratios and convincing increases in cash ratios, indicating
that it might be prone to data manipulation. Auga Group displays similar patterns
with SMA and ARIMA, indicating stability and capturing trends, respectively. ES
in the Auga Group underlines its limitations, particularly with peaks and declines in
cash ratios compromising its reliability for stable financial forecasting. It is clear that
the ES expresses notable discrepancies for both companies compared to SMA and
ARIMA.

The final pair of solvency ratios are the accrual equity to assets and capital
expenditure cash ratio. As evident from Figure 5, there are different patterns and
reliability across three forecasting methods in Linas Agro’s equity-to-assets accrual
ratio and capital expenditure cash ratio.

Figure 5. Equity to Assets (a) and Capital Expenditure Cash
(b) ratios for Linas Agro Group
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SMA appears as the most consistent forecasting method, indicating stable results for
both accrual and cash ratios. ARIMA shows a general downward sloping trend in
the accrual ratio but indicates volatility with a single peak in the cash ratio. ES, on
one hand, expresses growth trends in both metrics, has a steeper slope in cash ratio,
which might be a sign of high responsiveness to recent changes in case when
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historical data is volatile. Figure 6 shows the same pair of ratios for the Auga Group.
The analysis indicated that there are distinctions among forecasting methods in terms
of sensitivity, responsiveness and stability.

Figure 6. Equity to Assets (a) and Capital Expenditure Cash
(b) ratios for Auga Group
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SMA for both ratios show almost a straight line highlighting minimal data
variability, however, the decline in the accrual ratio contradicts the slight increase in
the cash ratio. ARIMA in this pair shows almost straight lines with similar trends for
both ratios, which is a potential sign of its limited adaptability. ES moves in different
directions for these ratios. Thus, for the accrual ratio, the ES line increases steadily,
while for the cash ratio, it falls dramatically, reaching a negative value. Comparing
the pair of ratios for Linas Agro (Figure 5) and Auga Group (Figure 6) we see that
for the accrual ratio for both companies, the SMA and ARIMA show a similar trend
to decrease, where SMA provides stable projections and is the most resistant to data
manipulation, and ARIMA effectively captures general trends and is capable of
expressing volatility as visible from the contradiction of cash to accrual ratio. On the
contrary, ES shows a similar trend to increase for both companies in accrual ratios,
yes indicating significant volatility for their cash-based counterpart. For Linas Agro,
it shows a strong growth from negative values to positive, while for Auga Group, it
shows a fall from positive values to negative, which speaks of the reactive nature of
ES method of forecasting and a potential to point at data manipulations.

As it is evident from solvency analysis, the above-presented ARIMA and ES
methods are able to predict changes in the trend and variance of the ratios. In most
cases, ARIMA shows optimistic figures exceeding the result of the SMA, while the
ES shows more pessimistic results. With a slightly higher optimistic approach
without the pre-given limitations, ARIMA is a faster method to start tracking the
variance and trend of the data, while ES offers insights into volatile, rapidly changing
scenarios and adds value in identifying volatile patterns. The high responsiveness
makes ES more reactive in environments with fluctuating historical data, while SMA
is the least sensitive to data volatility and manipulation. To choose the most suitable
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method of forecasting, in this case, it is important to estimate the quality of the data
and vice versa; the quality of data can be estimated based on the behavior of
forecasting methods.

5.2 Liquidity

This subchapter is dedicated to the analysis of the results of liquidity ratios for the
accrual and cash financial statements of Linas Agro and Auga Group. The first pair
is the accrual current ratio and operating cash flow ratio (OCF). Figure 7 shows the
first pair for Linas Agro Group.

As it is evident from Figure 7, there are distinctions between cash and accrual ratios
in the results of ARIMA and ES forecasting methods where the operating cash flow
ratio demonstrates more negative values in these methods and a stronger volatility
for ES. ES captures dynamic shifts for cash ratio, expressing its sensitivity and
adaptability to recent data and trends, which highlights the influence of historical
data manipulation on forecasting outcomes. On the contrary, SMA and ARIMA do
not reflect this. ES again proves to be the most informative method due to its ability
to highlight significant directional changes, while SMA and ARIMA are more
suitable for accrual-based forecasting where stability is essential.

Figure 7. Current Ratio (a) and OCF (b) Ratio for Linas Agro

Tigure 7 a) Linas Agro Current Ratio Figure 7 b) Linas Agro Operating Cash Flow (OCT)
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In Figure 8, all three methods of forecasting in the accrual Current Ratio at Auga
Group contradict the results in the Operating Cash Flow ratio, each method in its
own amplitude. While SMA shows nearly a straight line in both ratios providing a
stable baseline suitable for settings with minimal variation, ARIMA displays
moderate shifts suitable for identification of gradual trends, as shown in accrual ratio
and reflected stronger in cash ratio, and ES strives in totally different directions:
upward in accrual, downwards in cash ratio highlighting nuances and volatility
effectively.
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Figure 8. Current Ratio (a) and OCF (b) ratios for Auga Group
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Comparing Linas Agro (Figure 7) and Auga Group (Figure 8) for this pair of ratios,
a clear distinction between accrual and cash ratios is evident, with cash ratios
reflecting higher volatility, especially under ES forecasting. The findings from this
ratio pair show that SMA is more suitable for stable environments, ARIMA is
capable of gradual trend identification, while ES offers valuable insights into
dynamic shifts.

The second pair is Quick Ratio accrual ratio and Cash Debt Coverage. In Figure 9,
ARIMA captures a contradiction between accrual and cash ratio with a slightly
declining trend with all positive values for accrual ratio and all negative values for
cash ratio.

Figure 9. Quick Ratio (a) and Cash Debt Coverage (b) ratios for Linas Agro Group

Figure 9 a) Linas Agro Quick Ratio Tigure 9 b) Linas Agro Cash Debt Coverage
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ES displays the most dynamic behavior and stands out for its sensitivity to changes
reflected in significant volatility and shifts, particularly in cash ratio, where it
transitions from negative to positive values, unlike its behavior in accrual. SMA
remains stable, only capturing a slight, minimal trend with minimal variance.
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Figure 10. Quick Ratio (a) and Cash Debt Coverage (b) ratios for Auga Group

Figure 10 a) Auga Group Quick Ratio Figure 10 b) Auga Group Cash Debt Coverage
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The same pair for Auga Group shows interesting results as well in Figure 10. It is
evident from Figure 10 that SMA and ARIMA in the accrual ratio coincide in pattern
with its cash counterpart but with different amplitude of values. In contrast, ES again
shows divergent directions and trends with positive accrual and negative cash ratio,
which signals the necessity to pay more attention to historical data standing behind
the forecast.

Comparing the pairs between Linas Agro (Figure 9) and Auga Group (Figure 10),
SMA and ARIMA for the accrual Quick Ratio of both companies exhibit consistent
patterns with low variability and slight downward trends, while these methods show
slightly more dynamic behaviour in the cash ratio. ES indicates high sensitivity and
volatility for both ratios and significantly differs between companies, showing a
sharp decline for the cash ratio of Auga Group and its dramatic increase for Linas
Agro.

Figure 11. Equity Multiplier (a) and Investment to Finance (b) ratios at Linas Agro

Figure 11 a) Linas Agro Equity Multiplier Figure 11 b) Linas Agro Investment to Finance Ratio (I'F)
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The third pair is the Equity Multiplier accrual ratio and Investment to Finance cash
ratio as shown in Figure 11. As evident from Figure 11 for Linas Agro, all three
methods exhibit consistency with minimal shifts and, therefore, limited dynamic
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insights for the accrual ratio. In the cash-based Investment-to-Finance ratio, ES
captures substantial volatility with a sharp drop, not reflected by SMA and ARIMA.

Considering the same pair for the Auga Group, as shown in Figure 12, in the Equity
Multiplier accrual ratio, all three forecasting methods show the same pattern of a
slight growth in nearly a straight line with the lowest values in ES. In contrast, the
cash ratio exhibits significant volatility in all three methods, with the strongest
decline in ES.

SMA in cash ratio shows stable projection, and ARIMA exhibits growth with
subsequent decline, expressing gradual trends. ES is the most informative, capturing
dynamic shifts with its sensitivity to fluctuations.

Figure 12. Equity Multiplier (a) and Investment-to-Finance (b) ratios at Auga Group
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Comparing the pair of ratios between Linas Agro (Figure 11) and Auga Group
(Figure 12), it is visible that there is a similar picture for the accrual ratio; the
methods showed straight lines with a tendency to increase. For the cash ratio, the
situation is different. Linas Agro SMA and ARIMA for cash ratio show similar
results to accrual ratio, while ES is volatile resulting in a sharp increase. For the
Auga Group, all methods show volatile results for the cash ratio, which contradicts
its accrual counterpart. These results highlighted the greater sensitivity of cash ratios
to data volatility and capabilities of ES in capturing dynamic shifts, making it more
informative.

Comparatively, both companies exhibit significant volatility in cash-based ratios,
especially under ES, however, Auga Group displays more fluctuations and
differences between cash and accrual ratios, compared to Linas Agro which has
closer relations between cash and accrual metrics, indicating greater sensitivity to
dynamic changes in financial data and potential differences in cash flow
management or historical data characteristics. ES highlights critical differences in
cash flow strategies or financial conditions between companies, showing a strong
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increase in the cash-based Investment-to-Finance ratio for Linas Agro and a dramatic
decline for Auga Group.

5.3 Profitability

This section is dedicated to the comparison of profitability analysis with the use of
three methods of forecasting. The first pair of ratios is the accrual Return on Equity
and Cash Return on Stockholders’ Equity. Figure 13 shows the first pair for Linas
Agro Group.

In the accrual Return on Equity ratio for Linas Agro (Figure 13a), there are notable
differences in the dynamics across the three methods. While SMA and ARIMA show
consistent and steady increases, ES demonstrates a declining trend in 2023 and 2024,
with a slight recovery in 2025.

Figure 13. Return on Equity (a) and Cash Return on Stockholders’
Equity (b) at Linas Agro
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In Cash Return on Stockholders’ Equity in Figure 13b, methods diverge further with
SMA showing a minor decrease, ARIMA indicating an increase in 2024 before
tapering to 0.02 in 2025, and ES rising from a significant negative in 2023 to a
positive value in 2025. Thus, it is evident that the behaviour of ES in cash ratio
contrasts its behaviour in accrual, reflecting high sensitivity to data volatility and
effectively capturing dynamic shifts in cash-based ratio.

The same pair is shown in Figure 14 for the Auga Group. It is evident from Figure
14a that the three forecasting methods contradict each other in the accrual Return on
Equity where SMA consistently declines with all negative values, ARIMA is highly
volatile with tremendous difference between years, while ES reflects a sharpest drop.
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Figure 14. Return on Equity (a) and Cash Return on Stockholders’
Equity (b) for Auga Group
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The cash-based ratio in Figure 14b shows that in 2023 and 2024, methods reflect
almost no change, followed by a drop in ARIMA and ES, where ES depicts a sharper
decline reaching negative values. Thus, it is clear that ES is more reactive in both
ratios within the pair and that all three methods in the cash-based ratio are more
aligned than in the accrual one. Comparing the ratio pairs between Linas Agro
(Figure 13) and Auga Group (Figure 14), it is visible that SMA shows a straight line
with insignificant shifts, meaning that it cannot adequately capture dynamic shifts in
the financial performance of volatile environments. ARIMA for Auga Group in this
ratio pair managed to identify broader patterns where growth is followed by decline,
however, its results differ within the pair for Linas Agro, indicating sensitivity to
input data variations. ES is highly sensitive to fluctuations of data, reflecting both
short-term movements and general trend shifts where contradictions within pairs for
both companies reflect possible manipulations.

Figure 15 shows the second pair of profitability ratios for Linas Agro Group. In the
accrual Return on Assets at Figure 15a for Linas Agro, the SMA is a straight line
with an insignificant tendency to increase. ARIMA and ES are similar to each other,
yet the ES forecast is less optimistic. In Cash Return in Assets at Figure 15b for Linas
Agro, SMA and ARIMA show stability in 2023 and 2024 while striving in opposite
directions in 2025. ES contrasts their moderate behaviour with a dramatic upward
trajectory, aligning with SMA in the final year.

A comparison of both ratios in Figure 15 shows a dichotomy, where ARIMA and ES
align in the accrual ratio, while SMA and ARIMA are more aligned in their
behaviour in the cash ratio. ES in cash ratio is more reactive than in the accrual ratio
forecast.
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Figure 15. Return on Assets (a) and Cash Return on Assets (b) for Linas Agro
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The same pair for Auga Groups is represented in Figure 16. In the accrual Return on
Assets from Figure 16a, the methods show distinct behavior. While SMA is stable
in negative values, ARIMA is volatile with a peak followed by a drop, and ES
indicates a dramatic decline.

Figure 16. Return on Assets (a) and Cash Return on Assets (b) for Auga Group
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In Cash Return on Assets for Auga Group, SMA and ARIMA show positive straight
lines yet with different values, while ES contradicts them with volatility. Comparing
this pair of ratios from Figure 16, it is clear that SMA is consistent in both ratios,
while ARIMA and ES show contrasting trends in cash and accrual ratio.

Comparing this pair of ratios for both Linas Agro (Figure 15) and Auga Group
(Figure 16), it is visible that SMA in all cases has a straight line with insignificant
shifts toward raise or decline. ARIMA shows stability in cash-based forecasts for
both companies but is highly volatile in accrual-based forecasts, especially for Linas
Agro. ES shows opposite trends for Linas Agro within the ratio pair, while it is
aligned in declines of both metrics for Auga Group. Cash ratio forecasts for Linas
Agro show more significant differences between methods and larger positive values
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in ARIMA for accrual ratios, while Auga Group maintains closer alignment for SMA
and ARIMA, and with a slight difference in magnitudes for ES.

The third pair is represented in Figure 17. As it is visible from Figure 17a, in the
accrual return on capital ratio, SMA and ARIMA are nearly straight lines, and ES
indicates a slight volatility with a fall in 2024.

In the cash return on debt and equity ratio from Figure 17b, the three methods
indicate different dynamics. SMA is a straight line with small positive results for all
three years. ARIMA’s growth from a negative in 2023 to a positive value in the year
2024 is followed by a drop in 2025. ES reflects a confident growth from negative to
positive, effectively capturing a significant shift in cash flow dynamics.

Figure 17. Return on Capital (a) and Cash Return on Debt and Equity

(b) for Linas Agro
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Comparing accrual and cash ratio analysis in Figure 17, SMA and ARIMA align
closely, while ES captures fluctuations both in accrual and cash-based ratio, which
other methods failed to reflect. Thus, ES is the most informative method for detecting
changes or anomalies in financial trends, especially in cash-based forecasts.

Figure 18 shows the same pair of ratios for the Auga Group. In the accrual return on
capital ratio at Figure 18a, the SMA shows a simplistic trend which does not account
for volatility. ARIMA and ES reflect opposite trends in 2023-2024, followed by an
aligned decline direction in 2024-2025.

In the cash-based ratio ARIMA and SMA, two methods are more aligned, yet reflect
different levels of values. ES uncovers potential risks in later years while SMA and
ARIMA are more stable, as visible in Figure 18b.
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Comparing Linas Agro (Figure 17) to Auga Group (Figure 18) for this pair of ratios,
it is visible that ARIMA stands out for its ability to reflect both growth and decline
phases, while ES highlights dramatic downturns. Again, the accrual-based forecast
with the ES method for Linas Agro contradicts the cash-based, while for Auga
Group, they are more aligned. On the other hand, ARIMA is more volatile for the
accrual-based forecast of the Auga Group than for its cash-based forecast. However,
in general, forecasting methods for Auga Group indicate similar directions, while for
Linas Agro, they are not that aligned.

Figure 18. Return on Capital (a) and Cash Return on Debt and Equity
(b) for Auga Group
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From the analysis of profitability ratios, it is evident that forecasting methods exhibit
divergent behavior within Linas Agro’s ratio pairs compared to Auga Group’s
relatively aligned forecasting trends. SMA consistently provides stable projections,
and ARIMA reflects moderate sensitivity, effectively capturing broader patterns like
growth or decline and is more volatile in accrual-based forecasts for Auga Group.
ES again proved itself as the most informative method due to its sensitivity to
fluctuations and ability to reflect significant shifts, particularly in cash-based ratios.
It reveals contradictions between accrual and cash-based ratios as well as potential
anomalies and manipulations in historical data, while SMA and ARIMA are more
suitable for general trend identification.

5.4 Efficiency

This section is dedicated to the analysis of forecasting for efficiency ratio pairs. The
first pair is the accrual Assets Turnover ratio and Quality of Sales cash ratio. Figure
19 shows the first pair for Linas Agro. As evident from Figure 19a, in the accrual
Assets Turnover for Linas Agro, the SMA, ARIMA, and ES show straight lines with
an insignificant increase, indicating minimal variation and relatively consistent
forecast.
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Figure 19. Assets Turnover (a) and Quality of Sales (b) for Linas Agro
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In the Quality of Sales cash ratios in Figure 19b, SMA remains flat, while ARIMA
indicates a slight shift. In contrast, ES showed a dynamic and responsive cash-based
forecast where manipulations in historical data affected the sharp trajectory of the
method, making it the most informative compared to the other methods. The same
pair for the Auga Group is represented in Figure 20.

Figure 20. Assets Turnover (a) and Quality of Sales (b) for Auga Group
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At Figure 20a in accrual Assets Turnover for Auga Group, SMA is a straight line
with insignificant growth. ARIMA shows a slight volatility, while ES exhibits a
confident decline as a straight line. For the Quality of Sales cash ratio for Auga
Group, SMA and ARIMA show straight lines with an insignificant decline in values,
as depicted at Figure 20b; however, ES is more volatile and striving to decline. Its
volatility contrasts with the relative stability of SMA and ARIMA, and it appears to
capture larger shifts in data, especially in the cash ratio.

Comparing the first pair of ratios between Linas Agro (Figure 19) and Auga Group
(Figure 20), out of the total of 4 ratios and 12 lines, only 4 lines are volatile, and 8
lines are straight. Auga Group shows more volatility in both metrics than Linas Agro.
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It is visible in ARIMA and ES, exhibiting their sensitivity to changes, especially in
cash-based data.

The second pair of ratios is the accrual Capital Turnover and Cash Flow Per Share
cash ratio shown in Figure 21. As visible from Figure 21a, in the accrual Capital
Turnover ratio for Linas Agro, all three methods show straight lines with
insignificant shifts to increase, keeping all values positive. In the Cash Flow Per
Share ratio in Figure 21b, SMA is a straight line, ARIMA shows a growing trend,
and ES shows a confident growth from a very negative -0.18 in the year 2023 to a
positive 0.05 in the year 2025.

Figure 21. Capital Turnover (a) and Cash Flow Per Share (b) for Linas Agro Group

Figure 21 a) Linas Agro Capital Tumover Figure 21 b) Linas Agro Cash Flow Per Share
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Comparing the ratios from Figure 21, it is clear that only ARIMA and ES for the
Cash Flow Per Share ratio depict confident growth tendencies, while the same
methods in accrual show straight lines with insignificant growth.

Figure 22 shows the second pair of efficiency ratios for the Auga Group. In the
accrual Capital Turnover for Auga Group in Figure 22a, SMA shows a straight line
with insignificant growth. ARIMA shows a slight increase followed by a decrease,
and notably, its highest peak in the year 2024 equals the highest peak of ES
forecasted in the year 2023.

As evident from Figure 22b, in the Cash Flow Per Share of Auga Group, SMA is a
straight line, and ARIMA has a slight peak of 0.08 in the year 2024, agreeing with
the accrual ratio. The pattern of the cash ratio of ES for the first two years contradicts
its forecast for the accrual counterpart yet shows a tendency to fall in both.
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Figure 22. Capital Turnover (a) and Cash Flow Per Share (b) for Auga Group
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Comparing the pairs of ratios for both Linas Agro (Figure 21) and Auga Group
(Figure 22), it is clear that out of all methods, ES suggests the most dynamic and
informative forecast for both Capital turnover and Cash Flow Per Share revealing
even the negative shifts in Auga Group’s cash ratio or the recovery of Linas Agro.

The third pair of ratios is the accrual Cash Turnover and Quality of Income cash
ratio, as Figure 23 shows the distinct differences below for Linas Agro.

Figure 23. Cash Turnover (a) and Quality of Income (b) for Linas Agro
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While all three forecasting methods show nearly straight lines in the accrual Cash
Turnover ratio, the cash-based Quality of Income is more dynamic, where even SMA
shows a steady decline from a positive 0.04 in the year 2023 to a negative -0.54 in
the year 2025. ARIMA and ES exhibit steep growth where ES raises from a negative
value. It is clear that the methods contradict each other for the accrual and cash ratio.

Figure 24 below shows the third pair for the Auga Group. As visible from Figure
24a, in the accrual Cash Turnover ratio for Auga Group, SMA shows insignificant
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volatility, while ARIMA exhibits a rapid growth. Unlike them, ES shows a tendency
to a dramatic decline. Notably, in the year 2024, ARIMA and ES forecasts show
nearly the same results.

Figure 24. Cash Turnover (a) and Quality of Income (b) for Auga Group
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In the Quality of Income cash ratio for Auga Group in Figure 24b, SMA shows a
straight line with a tendency to grow. ARIMA indicates a significant decline, while
ES exhibits a growth to 0.67 in the year 2024, followed by a decline to the negative
-0.39 in the year 2025. Important to note that ARIMA begins its downturn one year
earlier than ES, yet in the year 2023, both methods show very similar forecasts.
Comparing both ratios for Auga Group in Figure 24, SMA shows a stable forecast,
while the results of ARIMA for accrual and cash-based ratio contradict each other.
ES generally shows declining trends, which is more dramatic and negative in the
Quality of Income cash ratio. For this pair, ES and ARIMA both informatively
captured volatility, especially in cash forecasting.

Comparing the third pair of ratios between Linas Agro (Figure 23) and Auga Group
(Figure 24), it is visible that SMA has steep growths or falls. ARIMA in three cases
out of four shows growth; it falls only in the Quality of Income cash ratio of Auga
Group reaching negative values. ES of Linas Agro, both for cash and accrual, shows
a tendency to growth. In the case of Auga Group, both for accrual and cash ES
method shows a decline. All three methods confirm each other only for the Cash
Turnover accrual ratio in Linas Agro, while in the rest of the cases for the third pair
of efficiency ratios, they show different results, sometimes contradicting each other.

Overall, while the SMA method provides a stable and less informative outlook due
to its simplicity, ARIMA and ES offer more dynamic insights. ARIMA shows
gradual changes, aligning with overall trends of growth or decline, and is therefore
suitable for capturing both short-term fluctuations and long-term trends, as it proved
both for accrual-based and cash-based forecasting of efficiency metrics. ES
highlights more significant shifts, revealing potential growth areas for Linas Agro
and suggesting possible challenges for Auga Group, especially visible in cash-based
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ratios with its high sensitivity. These differences underscore the importance of using
multiple forecasting methods to gain a comprehensive understanding of financial
performance and make informed strategic decisions.

6. Conclusion

The analysis in the present paper has found the answers to the research questions.

RQ1. Which of the forecasting methods (SMA, ARIMA, ES) is the most informative?
The analysis showed that ES is the most informative forecasting method, followed
by less informative ARIMA and the least informative SMA. Informativeness is
shown by the volatility of the forecasting lines, which makes them similar in their
volatility to the ratio analysis based on historical data presented in the paper ,,Using
Combined Accrual And Cash Ratio Analysis To Determine Pre-Bankruptcy Status*.
In that paper, where the detailed ratio analysis based on the historical data was
shown, all graphs were volatile and informative; therefore, the more volatile the lines
of forecasting methods are, the more they are similar in their volatility to the
historical aspect, and the more informative they are in forecasting. SMA is a straight
line in the majority of the cases, ARIMA shows some moderate volatility, while ES
is highly volatile in most cases, looking alike to the historical ratio analysis, which
makes it a more trustworthy prediction.

RQ2: Can forecasting methods be used to verify each others' results?

The analysis has shown that SMA, ARIMA and ES cannot be used to verify each
other’s results because, in many cases, they show different results. SMA, in the vast
majority of cases, shows a nearly straight line with insignificant shifts, which makes
it less useful in forecasting. SMA shows much more positive and smoothed results
of forecasting than the other two methods. Theoretically, it could be used to indicate
the general trend of increase or decline to test the other forecasting methods, but
practical application shows that it contradicts other forecasting methods even within
the same ratio in many cases. Moreover, the shifts in values from year to year and
volatility shown by SMA are so insignificant that they can hardly be compared to
ARIMA and ES in the forecast horizon of 3 years. SMA might be used for a shorter
period of forecasting.

If to consider each ratio for each company as a single case, then ARIMA strictly
contradicts ES in this forecasting analysis in 5 out of 12 cases for Solvency ratios, 5
out of 12 cases for Liquidity, 4 out of 12 cases for Profitability, in 1 out of 12 for
Efficiency. In total, these methods contradict each other in 15 out of 48 cases. Since
the number of contradictions is nearly one-third of the total cases, the forecasting
methods cannot be used to verify each other’s results.

RQ3. How do the manipulations in historical data affect the forecasting of accrual
and cash ratios?
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The analysis revealed that if the company manipulated its data in accrual financial
statements without manipulations in cash historical data, it has more smoothed lines
in accrual forecasting and the actual picture is revealed by volatility or contradicting
results in cash forecasting.

The research also revealed that forecasting methods can show different performances
depending on the data type and quality. Thus, the method of forecasting can be
chosen based on the quality of data and vice versa; the quality of data can be
estimated based on the behavior of forecasting methods. With the present data and
number of companies, ES is more precise than other methods. ARIMA will be more
effective for a bigger amount of data with a bigger number of companies and more
periods in the historical panel data (broken down to quarterly or monthly), resulting
in more precise patterns of forecasting. SMA method has shown the
unconvincingness and weakness of forecasting for the present research.

The novel method of ratio analysis (Litvinenko, 2024) was combined with three
widely used forecasting methods to test their compatibility and illustrate their
applicability and features of the in-depth analysis based on a case study of two
production companies. Picked for clear illustration, the companies are comparable
yet possess different financial strategies.

The present work is an interim, yet essential step for building the new credit risk
model based on the equally-weighted simple and complex financial ratios. The
authors hope that the present paper will serve as a decent base for future research
directions in examining the power of combined ratio analysis and forecasting for a
wider selection of companies and as an insight for practitioners for credit risk and
investment decisions.

Disclosure statement: The authors report that there are no competing interests to
declare.

References

Aljandali, A. (2017) Multivariate Methods and Forecasting with IBM SPSS
Statistics, Cham: Springer Cham.

Armstrong, J. S. (2001) Principles of Forecasting: A Handbook for Researchers and
Practitioners, New York: Springer New York.

Ball, R., & Nikolaev, V. V. (2022) “On earnings and cash flows as predictors of
future cash flows”, Journal of Accounting and Economics, vol. 73, no. 1.

Billah, B., King, M.L., Snyder, R.D., & Koehler, A.B. (2006) “Exponential
smoothing model selection for forecasting”, International Journal of
Forecasting, vol. 22, no. 2: 239-247.

356 Vol. 24, No. 2



Applying forecasting methods to accrual-based and cash-based ratio analysis

Campbell, P. (2017) 4 Quick Start Guide to Financial Forecasting: Discover the
Secret to Driving Growth, Profitability, And Cash Flow Higher, United States:
Grow and Succeed Publishing.

Camska, D. (2019) “Forecasting of financial health in transportation and storage
sector”, 19th International Scientific Conference Business Logistics in
Modern Management, Osijek, Croatia.

Carslaw, C., & Mills, J.R. (1991) “Developing ratios for effective cash flow
statement analysis”, Journal of Accountancy, vol. 172, no. 5: 63-70.

Chatfield, C. (2000) Time-Series Forecasting, New York: Chapman and Hall/CRC.

Christ, C.F. (1975) “Judging the performance of econometric models of the U.S.
economy”, International Economic Review, vol. 16, no. 1: 54-74.

Cooper, R. (1972) “The predictive performance of quarterly econometric models of
the United States”, In Hickman, B.G. (ed.), Econometric Models of Cyclical
Behaviour, National Bureau of Economic Research, Inc., pp. 813-947.

Cuellar, M.M., & Sanchez, J.F. (2016) “Congestion control LAN networks using an
econometric model ARIMA”, 8th Euro American Conference on Telematics
and Information Systems (EATIS), Cartagena, Colombia.

Dangerfield, B.J., & Morris, J.S. (1992) “Top-down or bottom-up: Aggregate versus
disaggregate extrapolations”, International Journal of Forecasting, vol. 8, no.
2:233-241.

Diebold, F.X., & West, K.D. (2001) “Forecasting and empirical methods in finance
and macroeconomics”, Journal of Econometrics, vol. 105, no. 1: 1-3.

Dong-mei, X. (2010) “Application of the ARIMA model in time series analysis”,
Journal of Jilin Institute of Chemical Technology. Available on-line at:
https://www.semanticscholar.org/paper/Application-of-the-ARIM A-model-
in-time-series-Dong-mei/0512fcb5f79¢5b6602781ef6a85daed53c42203e

Droke, C. (2001) Moving Averages Simplified, Colombia: Marketplace Books.

Economic Commission for Latin America (n.d.) “Revenue and expenditure
forecasting techniques for a PER Spending”, Economic Commission for Latin
America and the Caribbean. Available on-line at:
https://www.cepal.org/sites/default/files/project/files/annex 3 revenue and
expenditure forecasting methods for the sector per.pdf (Retrieved August
8,2024)

Elton, E.J., & Gruber, M.J. (1972) “Earnings Estimates and the Accuracy of
Expectational Data”, Management Science, vol. 18, no. 8: 409-424,

Foley, F.C., & Khavkin, M. (2019) “How companies should prepare their forecasts”,
Harvard Business Publishing. Available at: https://hbr.org/2019/04/how-
companies-should-prepare-their-forecasts

Francis, R.N., & Eason, P. (2012) “Accruals and the naive out-of-sample prediction
of operating cash flow”, Advances in Accounting, vol. 28, no. 2: 226-234.

Fromm, G., & Klein, L. R. (1973) “A comparison of eleven econometric models of
the United States”, American Economic Review, vol. 63, no. 2: 385-393.

Gardner, E.S. (2006) “Exponential smoothing: The state of the art, Part II”,
International Journal of Forecasting, vol. 22, no. 4: 637-666.

Vol. 24, No. 2 357



Accounting and Management Information Systems

Gardner, E.S. (1985) “Exponential smoothing: The state of the art”, Journal of
Forecasting, vol. 4, no. 1: 1-28.

Geweke, J. (1999) “Using simulation methods for Bayesian econometric models:
inference, development, and communication”, Econometric Reviews, vol. 18,
no. 1: 1-73.

Hajiannejad, A., Hosayni, S.R., & Danesh, S.R. (2020) “The predictive power of
future cash flow by earning and cash flow”, Journal of Asset Management and
Financing, vol. 9, no. 4: 1-26.

Hendriksen, E.S., & Van Breda, M.F. (1992) Accounting Theory, Homewood: Irwin.

Hu, J., & Kim, J.B. (2019) “The relative usefulness of cash flows versus accrual
earnings for CEO turnover decisions across countries: The role of investor
protection”, Journal of International Auditing and Taxation, vol. 34: 91-107.

Hyndman, R.J., & Khandakar, Y. (2008) “Automatic time series forecasting: the
forecast package for R”, Journal of Statistical Sofiware, vol. 27, no. 3: 1-22.

Jorgenson, D.W., Hunter, J., & Nadiri, M.L. (1970) “The Predictive Performance of
Econometric Models of Quarterly Investment Behavior”, Econometrica, vol.
38, no. 2: 213-224.

Jun, D.B., & Oliver, R.M. (1985) “Bayesian forecasts following a major level change
in exponential smoothing”, Journal of Forecasting, vol. 4, no. 3: 293-302.

Jury, T.D.H. (2012) Cash Flow Analysis and Forecasting: The Definitive Guide to
Understanding and Using Published Cash Flow Data, Cornwall: John Wiley
& Sons.

Karpac, D., & Bartosova, V. (2021) “Prediction of financial health of business
entities of selected sector using balance analysis II by Rudolf Doucha and
verification of its predictive ability through ROC”, SHS Web of Conferences,
vol. 91.

Khansalar, E., & Namazi, M. (2017) “Cash flow disaggregation and prediction of
cash flow”, Journal of Applied Accounting Research, vol. 18, no. 4: 464-479.

Krylov, S. (2018) “Target financial forecasting as an instrument to improve company
financial health”, Cogent Business & Management, vol. 5, no. 1.

Leser, C.E.V. (1966) “The Role of Macroeconomic Models in Short-Term
Forecasting”, Econometrica, vol. 24, no. 4: 862-872.

Lin, L.-T. & Koo, T.-Y. (2007) ,,Applying exponential smoothing in quality function
deployment to analyze dynamic customer needs”, Chinese Journal of
Management, vol. §, no. 3: 59-69.

Litvinenko, A. (2019) Cash Flow Statement Analysis versus Traditional Statement
Analysis: Practical Application of Knowledge Based on the Business Cases,
Mauritius: Lambert Academic Publishing.

Litvinenko, A. (2023) “A comparative analysis of Altman's Z-score and T. Jury's
cash-based credit risk models with the application to the production company
and the data for the years 2016-2022”, Journal of Accounting and
Management Information Systems, vol. 22, no. 3: 518-553.

358 Vol. 24, No. 2



Applying forecasting methods to accrual-based and cash-based ratio analysis

Litvinenko, A. (2024) “Using combined accrual and cash ratio analysis to determine
pre-bankruptey status”, Journal of Accounting and Management Information
Systems, vol. 23, no. 4: 826-869.

Majid, R., & Mir, S.A. (2018) “Advances in statistical forecasting methods: An
overview”, Economic Affairs, vol. 63, no. 4: 815-831.

Makridakis, S., Hibon, M., & Moser, C. (1979) “Accuracy of forecasting: An
empirical investigation”, Royal Statistical Society, vol. 142, no. 2: 97-145.

McNees, S. K. (1978) “Are econometricians useful? Folklore versus fact”, The
Journal of Business, vol. 51, no. 4: 573-577.

Montgomery, J.M., Hollenbach, F.M., & Ward, M.D. (2012) “Improving predictions
using ensemble Bayesian model averaging”, Political Analysis, vol. 20, no. 3:
271-291.

Noury, B., Hammami, H., Ousama, A.A., & Zeitun, R. (2020) “The prediction of
future cash flows based on operating cash flows, earnings and accruals in the
French context”, Journal of Behavioral and Experimental Finance, vol. 28.

Petrica, A.-C., Stancu, S., & Tindeche, A. (2016) “Limitation of ARIMA models in
financial and monetary economics”, Theoretical and Applied Economics, vol.
19, no. 42: 19-42.

Praekhaow, P. (2010) ,,Determination of trading points using the moving average
methods”, International Conference for a Sustainable Greater Mekong
Subregion, Bangkok, Thailand.

Rajendra, R. (2013) The Handbook of Global Corporate Treasury, Singapore: John
Wiley & Sons.

Rujoub, M.A., Doris, M.C., & Leon, E.H. (1995) “Using cash flow ratios to predict
business failures”, Journal of Managerial Issues, vol. 7, no. 1: 75-90.

Shi, L., Zhang, H., & Guo, J. (2014) “Analyst cash flow forecasts and pricing of
accruals”, Advances in Accounting, vol. 30, no. 1: 95-105.

Shvaiba, D. (2019) “Indicator analysis of social and economic security”, Bulletin of
Science and Practice, vol. 5, no. 46: 256-261.

Snyder, R.D., Koehler, A.B., & Ord, K.J. (2002) “Forecasting for inventory control
with exponential smoothing”, International Journal of Forecasting, vol. 18,
no. 1: 5-18.

Steinberga, D. & Millere, 1. (2016) “Use of cash flow statement in evaluation of
company’s financial situation using data from operating and liquidated
companies in the republic of Latvia”, New Challenges of Economic and
Business Development, Riga, Latvia.

Taylor, J.W. (2004) ,,Volatility forecasting with smooth transition exponential
smoothing”, International Journal of Forecasting, vol. 20, no. 2: 273-286.

Timmermann, A. (2018) “Forecasting methods in finance”, Annual Review of
Financial Economics, vol. 10, pp. 449-479.

Toma, C., Carp, M., & Robu, 1.B. (2015) “Harnessing financial information in
investors decisions: Accrual accounting versus cash accounting”, Procedia
Economics and Finance, vol. 26: 1044-1051.

Vol. 24, No. 2 359



Accounting and Management Information Systems

Tratar, L.F., Mojskerc, B., & Toman, A. (2016) “Demand forecasting with four-
parameter exponential smoothing”, International Journal of Production
Economics, vol. 181, no. A: 162-173.

Wang, L., Zou, H., Su, J., Li, L., & Chaudhry, S. (2013) “An ARIMA-ANN hybrid
model for time series forecasting”, Systems Research and Behavioral Science,
vol. 30, no. 3: 244-259.

Wickham, H., Averick, M., Bryan, J., Chang, W., McGowan, L., Frangois, R.,
Grolemund, G., Hayes, A., Henry, L., Hester, J., Kuhn, M., Pedersen, T.,
Miller, E., Bache, S., Miiller, K., Ooms, J., Robinson, D., Seidel, D., Spinu,
V., Takahashi, K., Vaughan, D., Wilke, C., Woo, K., & Yutani, H. (2019)
“Welcome to the tidyverse”, Journal of Open Source Software, vol. 4, no. 43:
1686.

Zellner, A. (1971) An Introduction to Bayesian Inference in Econometrics, New
York: John Wiley & Sons.

Zhu, Y., Wang, Y., Liu, T., & Sui, Q. (2018) “Assessing macroeconomic recovery
after a natural hazard based on ARIMA - A case study of the 2008 Wenchuan
earthquake in China”, Natural Hazards, vol. 91, no. 3: 1025-1038.

360 Vol. 24, No. 2



	2.1.1 Simple moving average method of forecasting
	2.2 Cash flow ratios forecasting
	4.1 R Script code in forecasting
	5.1 Solvency ratios
	5.2 Liquidity
	5.3 Profitability
	5.4 Efficiency
	References

