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ABSTRACT 

 

Budget planning is legally mandated, yet many administrators still face challenges in 

revenue forecasting. Despite advances in data science, gaps remain in the application 

of predictive models for this purpose. This study proposes a computational model in R 

capable of simultaneously analyzing time series of budget revenues from multiple 

collecting agencies, automatically comparing different methods – Autoregressive 

Integrated Moving Average (ARIMA) and Exponential Smoothing. The developed 

algorithm enables analysts to review outputs from all methods using a single block of 

code, eliminating the need for repetitive function calls. The algorithm was developed 

using data from the portals of the São Paulo State Court of Accounts (TCE-SP) and 

the State System Foundation for Data Analysis (SEADE). Two cities with similar 

economic characteristics as of December 31, 2020 – Sorocaba and Sao Jose dos 

Campos – were selected, and time series forecasting models were generated for their 

revenues for the 2022 and 2023 fiscal years. The methodology involved comparing 

models using the Akaike Information Criterion (AIC), the Corrected Akaike Information 

Criterion (AICc), and the Bayesian Information Criterion (BIC), alongside the Mean 

Absolute Percentage Error (MAPE) statistic. The ARIMA method yielded the best 

information criterion results for both cities and the lowest MAPE for Sao Jose dos 

Campos (9.75%). With the Exponential Smoothing method, Sorocaba showed the 

lowest MAPE (12.31%). The results demonstrate the viability of the proposed model in 
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facilitating comparative analyses between municipalities and supporting decision-

making by public administrators, auditors, and other stakeholders interested in 

government economic data. 

 

Keywords: business analytics; COVID-19; Fable; budget forecasting; X13-ARIMA-

SEATS. 

 

 

1 INTRODUCTION 

 

One of the key factors for the balance between public revenues and expenditures, i.e., 

fiscal balance, is the adoption of a proper budget planning process. This is a conclusion 

that can be drawn from the provisions of Articles 11 and 12 of Brazilian Supplementary 

Law No. 101 of May 4, 2000 – Brazilian Fiscal Responsibility Law (Lei de 

Responsabilidade Fiscal, LRF). 

 

To achieve this objective, Brazilian Federative Entities are required to prepare 

medium-term government planning through the Pluriannual Plan (Plano Plurianual, 

PPA) - established by ordinary law and effective for four years. Consistent with this 

planning instrument, they are required to annually issue the Budget Guidelines Law 

(Lei de Diretrizes Orçamentárias, LDO) and the Annual Draft Budget Law (Lei 

Orçamentária Anual, LOA), which guide the preparation and execution of public 

budgets. 

 

Recent studies have shown that there are still difficulties in budget forecasting. Oliveira 

Junior and Levino (2024) reported that the Federal Government provided financial 

assistance to municipalities during the COVID-19 pandemic without robust technical 

analysis, highlighting the need for more accurate predictive models to support fiscal 

decision-making in uncertain scenarios. 

 

In another study, Nascimento and Boente (2022, p. 11), after examining all the 5,569 

Brazilian municipalities between 2015 and 2018, demonstrated that forecasting errors 

from previous fiscal years (19.7% on average) affect forecasting errors in subsequent 
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years (17.5% on average), plus or minus. Moreover, Toledo Júnior (2010, p. 36), 

asserted that budget revenues are often adjusted to match the “desired level of 

expenditure”. 

 

On the other hand, fortunately, data sciences have been providing increasingly 

powerful analytical tools, including those for the public sector. Fávero and Belfiore 

(2021, p. 14) emphasized that professional applications “in addition to offering 

substantial data-processing capacity, are capable of developing a wide variety of 

appropriate and robust tests and models”. A recent example is the study conducted by 

Faveret et al. (2021), which investigated similarities in the evolution of COVID-19 

across Brazilian states. The authors employed data clustering techniques and time 

series analysis to examine disease occurrence patterns. In another application, the 

government of the State of Mato Grosso (Sá et al., 2020) recommended the use of 

neural networks as a predictive methodology. 

 

Despite the advances, data analysis remains underused by public managers. Araújo, 

Behr, and Schiavi (2023) emphasized that many tools used by auditors do not 

incorporate modern data analysis techniques, thereby limiting forecasting accuracy. 

Furthermore, the authors noted that the encapsulation of available data analysis tools 

prevents professionals from understanding the underlying algorithms. Similar 

conclusions were reached by Batóg and Batóg (2021) and Liu, Liu, and Chen (2023), 

who advocated expanding research on predictive methods, techniques, and algorithms. 

 

Given this scenario, the objective of the research is to propose a model that facilitates 

the analysis of multiple time series from revenue-collecting agencies through a 

computational algorithm in R programming language. The purpose of the model is to 

enable users of government economic information to save time when identifying the 

most appropriate forecasting technique for different time series. The study also intends 

to contribute to greater comparability between institutions and to achieve economies 

of scale in the volume of data analyzed. 

 

Consider the hypothetical case of a budget analyst who compares the time series of 

budget revenues from the municipality where he works with those of another 

municipality with similar economic characteristics. In such a situation, the forecasts 
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generated by the algorithm could serve as a starting point for investigating whether the 

other municipality is benefiting from specific legislation or public policies that might also 

be applicable to their own jurisdiction, particularly if significant differences were 

identified in the evolution of budget revenues over the same period. 

 

Another possible application involves auditors comparing revenues from two agencies 

or governmental entities with similar characteristics to potential indicators of 

irregularities or fraud based on the detection of revenue collection patterns. 

 

From this perspective, the proposed solution aims to provide the various stakeholders 

interested in economic and financial information with the means of proactively 

monitoring the future evolution of public revenues, using these forecasts as a 

supporting tool for management, oversight, and decision-making. 

 

Potential users of the proposed solution include audit institutions, treasury, research 

organizations, public administrators, citizens, and other parties interested in monitoring 

fiscal management. 

 

 

2 LITERATURE REVIEW 

 

This section is subdivided into three subsections addressing the literature on public 

revenues, time series, and predictive processes and techniques. 

 

2.1 Public Revenues 

 

According to the Accounting Manual Applied to the Public Sector (Manual de 

Contabilidade Aplicado ao Setor Público – MCASP), budget planning is a relevant 

aspect of public management (Brazil, 2024). However, despite technological and 

methodological advances, this remains a challenging task for governments. Several 

countries face difficulties in this process and are looking for alternatives to improve the 

forecast of public revenues. 
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Batóg and Batóg (2021), when analyzing the risk factors related to regional revenue 

planning in Poland, concluded that successful forecasting processes should not rely 

solely on revenue structure, but also on the selection of an appropriate forecasting 

method. In their study, the authors proposed two models: one based on time series 

and the other based on revenue collection as a function of Gross Domestic Product 

(GDP). 

 

Koniagina (2020) examined problems associated with the implementation of digital 

solutions for revenue forecasting processes in local governments of the Russian 

Federation. Among the main obstacles to the adoption of forecasting and planning 

algorithms, the author highlighted the “absence of a unified fiscal planning and 

forecasting tool integrated into the consolidated planning and forecasting system, at 

both regional and local levels” (Koniagina, 2020, p. 6). 

 

In the United States of America, Levy, Chasalow, and Riley (2021) analyzed the use 

of algorithms in the decision-making process of public management from different 

perspectives, including computational, legal, social, and ethical dimensions. The 

authors observed that restrictions imposed by state governments on local government 

revenues may limit the financial capacity of these entities and compromise their 

performance. In this context, they argue that the adoption of technological tools 

represents a valuable alternative for supporting complex public policy decisions. 

 

In Spain, Muñoz, Bolívar, and Arellano (2022) emphasized that the difficulties faced by 

regional and local governments in controlling public finances have favored the adoption 

of technological solutions aimed at improving fiscal management and decision-making 

processes. 

 

In Brazil, the State of Mato Grosso incorporated the concept of neural networks into its 

Methodology Used Revenues and Expenditure Estimates (Sá et al., 2020), for public 

revenue estimation. According to the document, under this approach, the values of the 

time series serve as input data (independent or regression variables) to which weights 

are automatically assigned by the algorithm during the training process. With each new 

iteration, the model parameters are recalibrated based on the errors observed in 

previous simulations, allowing forecasting performance to improve over time. 
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In addition to the traditional challenges associated with the process of forecasting of 

governmental collecting agencies, the international public health emergency resulting 

from COVID-19 introduced additional difficulties. The most significant was the 

substantial variability observed in the data, particularly during 2020 and 2021, resulting 

from the partial interruption of economic activity worldwide. In this regard, Oliveira 

Junior and Levino (2024), using Spearman's Correlation test, showed that the transfer 

of financial assistance by the Federal Government to the municipalities affected by 

COVID-19 did exhibited no clear correlation with revenue losses experienced by those 

entities, thereby impairing the technical assessment underlying the process of 

decentralization of resources to subnational entities. Nascimento and Boente (2022, p. 

11) asserted that municipalities should adopt more “realistic” forecasting techniques. 

They also recommended that future research should consider external factors, such 

as periods of economic crisis. 

 

2.2 Time Series 

 

The development of a forecasting model requires an understanding of the concept of 

time series. An appropriate definition is “any set of observations ordered through time.” 

According to Morettin and Toloi (2018, p. 1), time-series analysis offers broader and 

more interesting objectives than forecasting alone, including describing the behavior 

of revenues and expenditures and investigating the mechanisms responsible for 

generating such behavior. 

 

One of the most widely used methods for time-series forecasting is Exponential 

Smoothing, commonly referred to as Error, Trend, and Seasonality (ETS). Its main 

characteristic is the reduction of the impact of random fluctuations present in the data 

by attributing greater weight to more recent observations. According to the authors 

(2018, p. 89), the fluctuations occurring at the extremes of a series represent sources 

of “randomness,” which helps explain the widespread use of the method, due to its 

“simplicity, computational efficiency, and reasonable accuracy.” ARIMA models, 

according to Sartoris (2003), are based on historical observations from the series itself, 

in other words, they operate as a regression of the series on its own past values. 
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Morettin and Toloi (2018) classify Exponential Smoothing into three categories: Simple 

Exponential Smoothing, recommended for series exhibiting neither trend nor 

seasonality; Holt's method, suitable for series with trend but no seasonality; and the 

Holt-Winters method, appropriate for series that simultaneously exhibit trend and 

seasonality. 

 

Ferreira and Duca (2020, p. 75) define trend as the pattern of growth or decline typically 

present in a series, “not necessarily linear.” They further explain that seasonality refers 

to the repetition of values at annual intervals. 

 

Another important concept is the stationarity of time series. Sartoris (2003, p. 342) 

defines a time series represented by Yt as stationary when its historical value tends 

towards zero, such that any eventual shock is “dissipated over the years.” The author 

further advocates that, in this type of series, mathematical expectation and variance 

remain constant. By contrast, when there is an error component added to the value of 

the previous period of the series, the process is characterized as a random walk. 

 

According to Morettin and Toloi (2018, p. 5), “one of the most frequent assumptions 

concerning a time series is that it is stationary, that is, that it evolves randomly over 

time around a constant average trend.” For the authors, time series generally present 

trends when related to economic and financial data series. They also point out that 

most forecasting methods have the premise that time series behavior patterns are 

based on previous data. Furthermore, they warn that non-stationary series must 

undergo a transformation process known as differencing in order to achieve stationarity. 

To detect the existence of non-stationarity, whether arising from deterministic trends 

or stochastic trends associated with unit roots, the authors list several tests. One of 

them is the Dickey-Fuller test, which employs  

the least squares method to identify unit roots and remove trends from a series that, 

with stochastic trends being eliminated through differencing procedures. 

 

The literature identifies two additional concerns in time-series analysis. The first is the 

need to stabilize variance, for which “a logarithmic transformation may be appropriate” 

(Morettin; Toloi, 2018, p. 9). The other point to be examined is whether the data are 
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adequately represented by the selected model (Souza et al., 2022). To address this 

issue, an overfitting test may be applied. According to Morettin and Toloi (2018), the 

technique involves adding parameters to the model. If the residual variance does not 

decrease, the model initially identified is regarded as the most appropriate. 

Alternatively, residual autocorrelation detection techniques may be employed, such as 

the Ljung-Box test described by Ferreira and Mattos (2020). Regarding measures used 

to evaluate forecasting accuracy by comparing predicted and observed values, the 

Mean Absolute Percentage Error (MAPE) is widely recognized, as discussed by Kim 

and Kim (2016). 

 

For the purposes of this study, the Forecast Accuracy Scale proposed by Klimberg, 

Sillup, Boyle and Tavva (2010) was adopted. According to its scale, a MAPE below 

10% indicates highly accurate forecasts; values between 10% and 20% indicate good 

forecasts; and between 21% and 50% indicate reasonable forecasts. On the other 

hand, a MAPE exceeding 50% signifies an inaccurate forecasting model. 

 

2.3 Predictive Processes and Techniques 

 

Revenue forecasting based on time-series analysis is increasingly associated with 

technological development. In recent years, a concept that has gained prominence in 

data analysis is Business Analytics (BA), understood as the application of statistical 

and mathematical methods to extract knowledge from data and support the decision-

making processes. 

 

According to Araújo, Behr, and Schiavi (2023, p. 2), this concept was developed “to 

represent the main analytical component of Business Intelligence (BI),” whereas BI is 

more closely associated with the production and dissemination of reports intended to 

support decision-making. 

 

In their review of the BA literature, Liu, Liu, and Chen (2023) identified four 

perspectives for defining the concept: technical, process-oriented, practical, and 

managerial. For the present study, the first two are particularly relevant as they are 
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most directly related to the development and application of public revenue forecasting 

algorithms. 

 

From a technical point of view, BA encompasses any application involving data science 

or analysis. From a process perspective, the authors define BA as the “encapsulation 

of tools to convert data into actionable insights through a scientific, mathematical, and 

intelligent process”. 

 

From a technical point of view, Hyndman and Rostami-Tabar (2024) analyzed time-

series strategies with substantial changes in the series, including interruptions in data 

over specific periods. The authors proposed solutions for situations involving specific 

government interventions at particular points in time; disruptive events, such as the 

COVID-19 pandemic; or even missing data. To this end, and using Australian tourism 

data from 2019 to 2022, they analyzed, among others, the following modeling 

approaches: adaptive, ensemble, intervention-based, and what they termed “what-

could-have-been estimates” (Hyndman; Rostami-Tabar, 2024, p. 7). The authors 

concluded, at the end of the study, that each situation may require a different solution. 

As an example, complex governmental interventions are more appropriately 

addressed through adaptive methods, whereas ensemble approaches are useful 

“when there is uncertainty about which approach to use and usually results in greater 

accuracy through the power of averaging” (Hyndman; Rostami-Tabar, 2024, p. 19). In 

the present study, the series examined did contain interruptions, even during the 

COVID-19 emergency period. 

 

Additionally, in the context of the pandemic, an important tool in the modeling process 

was the X13-ARIMA-SEATS seasonal adjustment program (Sax; Eddelbuettel, 2018). 

This application was developed in 2012 by the U.S. Census Bureau (Mattos; Ferreira, 

2020) and operates in conjunction with the Seasonal package, in R programming 

language. One of the of its major strengths, according to these authors, is the pre-

adjustment feature, which enables the modeling of time series while accounting for 

trading days, holidays, and extreme observations (outliers), among other aspects. Prior 

to automated adjustments, users may refine the modeling specifications through 

manual adjustments, given that calendar structures differ across countries and years. 
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Another noteworthy study involving X13-ARIMA-SEATS is that of Abeln and Jacobs 

(2022), who investigated the impact of the COVID-19 pandemic on the Gross Domestic 

Product (GDP) of the Netherlands. n their analysis, they analyzed the pandemic as an 

outlier in the context of time-series data analysis. In Brazil, the X13-ARIMA-SEATS 

program is used by several institutions responsible for compiling official economic 

indicators, such as the Central Bank of Brazil (Brazil, 2021) and the Ministry of 

Economy (Brazil, 2020). 

 

3  METHODOLOGY 

 

With respect to its nature, this study adopts an applied research approach, since its 

objective is practical implementation (Gerhardt; Silveira, 2009). Regarding its purpose, 

the study is classified as descriptive research because it examines the application of 

an algorithm to carry out the process of comparing the revenues of two distinct 

municipalities. In terms of research approach, it is quantitative, as the phenomena 

under investigation refer to statistical analysis of numerical data. Concerning the 

methodological procedure, the study is characterized as a case study, since it seeks 

to address a budgetary data comparison problem through the development and 

application of an algorithm. 

 

To ensure a logical organization of the content and facilitate a gradual understanding 

of the procedures performed, this section is divided into the subsections 

“characterization of the research subject,” “data collection,” and “data analysis,” 

following the framework proposed by Volpato (2015), with adaptations. 

 

3.1 Characterization of the Research Subject 

 

The object of analysis are Brazilian municipalities in the State of São Paulo (SP). To 

obtain financial resources, these entities must comply with Law 4,320 of March 17, 

1964, and the LRF. Accordingly, they are required to issue, on an annual basis, the 

LDO and the LOA, regulations that govern revenue recognition and expenditure 

execution. Although this study focuses on municipalities, the proposed methodology 

may be applied to other governmental entities. For sample selection purposes, the 
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concept of municipal federative entity according to the Brazilian Federal Constitution 

of 1988 was adopted. Consequently, revenue-collecting agencies such as pension 

funds, autonomous government agencies, and other municipal public entities legally 

authorized to collect revenues at the local level were also included. Therefore, the 

municipality is understood as the aggregate of all such entities. 

 

The model development process, which consisted of designing the computational 

algorithm, is described below. Figure 1 presents a simplified flowchart of the modeling 

process. 
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Figure 1 — Flowchart of the multiple time-series modeling process 

 

Source: Prepared by the authors. 

 

3.2 Data Collection 

 

Data were collected from the websites of the TCE-SP (State Court of Accounts of São 

Paulo) and the SEADE Foundation (State System Foundation for Data Analysis). 

Information on total municipal revenues from 2008 to 2023 was obtained from the TCE-
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SP database (São Paulo, 2020c). Municipal Gross Domestic Product (GDP) for 2020 

(São Paulo, 2020a) and estimated population of 2020 (São Paulo, 2020b) were 

collected from the SEADE Portal. 

 

The total revenues spreadsheet contains revenue classifications in accordance with 

Summary Table of the Accounting Manual Applied to the Public Sector (MCASP) 

(Brazil, 2024). The data were organized in electronic spreadsheets and subsequently 

processed using the R programming language. The resulting values are presented in 

Table 1. 

 

3.3 Data Analysis 

 

After obtaining and preparing the data, the algorithm, also referred to as a script, was 

developed to generate the forecasting models. The algorithms were programmed in R 

(R Core Team, 2023) and are available in the Zenodo repository 

(https://zenodo.org/records/21877515). 

 

3.3.1 Stage 1 

 

Using the three types of data described above, a cluster analysis was performed, 

referred to as Stage 1 of the experiment, following the clustering concepts and 

techniques presented by Fávero and Belfiore (2021), described below. 

 

• Standardization of variables (GDP, revenues, and population). 

 

• Calculation of distances (or dissimilarities) between observations using the 

Euclidean distance measure. 

 

• Adoption of a hierarchical clustering scheme using the single-linkage method. 

 

• Generation of the dendrogram, a graph that allows the visualization of the 

clusters. 

 

https://zenodo.org/records/21877515
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• Analysis of variance between groups (F test). The purpose of this test is to 

verify whether between-group variability exceeds within-group variability 

(Fávero; Belfiore, 2021, p. 338). In other words, it determines whether each 

variable chosen as a grouping parameter (GDP, revenue, and population) 

contributed to the formation of the clusters. This procedure is carried out 

through an Analysis of Variance (ANOVA). If, in the table with the results, the 

F-statistic is large and the p-value is less than 0.05 (the significance level 

adopted in this study), then the null hypothesis that “the variable under analysis 

has the same mean across all groups” can be rejected (Fávero; Belfiore, 2021, 

p. 338). The alternative hypothesis (H1) occurs when at least one group differs 

from the others. If confirmed, it can be concluded that the selected variables 

contributed to cluster formation in the sample. According to the authors, the 

test is strongly influenced by sample size; therefore, variables that do not 

contribute to clustering should be removed. Consequently, if the null hypothesis 

cannot be rejected, the municipality selection stage must be revisited. 

 

3.3.2 Stage 2 

 

Following the clustering process, Stage 2 began with the examination of municipalities 

belonging to the selected clusters. The activities performed during this stage are 

described below. 

 

• Selection of two municipalities, whose revenue time series from 2008 to 2021 

exhibited normal distributions at the 5.0% significance level (Morettin; Toloi, 

2018). To assess normality, the Kolmogorov-Sminoff test (KS Method) was 

conducted using the Statistic Kingdom platform (2017). Revenue data from the 

selected municipalities were then classified according to the budget revenue-

by-nature framework established by Brazil (Brazil, 2024), particularly the 

categories known as “economic categories” and “source”. An important 

adjustment involved excluding intra-budgetary current and capital revenues 

from the “category” variable, since these include transfers between agencies 

within the same municipal budget structure. This procedure avoided double 

counting. Intra-budgetary revenues originating from external entities were also 
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excluded. It is worth noting that, in the revenue spreadsheets obtained from 

TCE-SP, the “source” classification corresponds to the column labeled 

“subcategory,” as prescribed by the accounting recording standards of TCE-

SP (São Paulo, 2007, p. 9). 

 

• Importing of the datasets into RStudio and loading of the required packages, 

particularly forecast (Hyndman et al., 2024) and Fable (O ́Hara-Wild et al., 

2023), which enables the “stacking” of multiple time series for simultaneous 

analysis. In addition, the Fable package (O ́Hara-Wild et al., 2023) incorporates 

parameterizations from the Forecast package and therefore uses AIC and BIC 

statistics to calculate the most appropriate model for each time series (O ́Hara-

Wild et al., 2023). 

 

• Division of samples into training (January 2008 to December 2021) and testing 

(January 2022 to December 2023). 

 

3.3.2.1 Substage 2.1 – Modeling Using the Fable Package 

 

Went through the actions listed below. 

 

• Generation of ARIMA and Exponential Smoothing models. 

 

• Examination of model coefficients and selection of models with the lowest AIC, 

AICc, and BIC values. 

 

• Performing the Ljung-Box test to verify the absence of residual autocorrelation. 

 

• Application of the KS test to assess residual normality (Lopes; Branco; Soares, 

2013). 

 

• Application of the ARCH test to assess variance stationarity. 

 

• Calculation of the Mean Absolute Percentage Error (MAPE) for forecasts. 
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Ferreira and Mattos (2020) demonstrate that if the assumptions of residual 

independence, normality, and homoscedasticity (constant variance) are not satisfied, 

the model is unsuitable for forecasting because its linear component has not been 

properly specified. Therefore, whenever residuals fail any of these three diagnostic 

tests, new municipalities must be selected and the process repeated. 

 

3.3.2.2 Substage 2.2 – Validation Using the Forecast Package 

 

To assess the accuracy of the models obtained in Substage 2.1, modeling was carried 

out using the Forecast package, following the identification, estimation, diagnostic, and 

forecasting procedures described by Ferreira and Mattos (2020). The following 

analyses were performed. 

 

• Identification and estimation of ARIMA models: identification and estimation 

were performed using the auto.arima function, obtaining the autoregressive “p” 

(AR), integrated “d” (I) and moving averages “q” (MA) components, as well as 

the corresponding seasonal parameters (P, D, and Q). 

 

• Assessment of coefficient significance: the statistical significance of the 

estimated coefficients and the adequacy of the model were evaluated. 

 

• Residual diagnostics: the absence of residual autocorrelation, residual 

normality, and homoscedasticity were examined. 

 

• Forecasting and accuracy assessment: forecasts were generated and the 

MAPE error statistic values were calculated. 

 

• Exponential Smoothing Modeling: the forecast.ets function was used, selecting 

the model with the lowest AIC value (Hyndman; Khandakar, 2008). 

 

• Comparison of information criteria: it was verified whether the AIC, AICc and 

BIC obtained were the same as those generated in substage 2.1. 
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• Residual diagnostics for Exponential Smoothing models: residual 

independence, normality, and variance stationarity were verified. 

 

• Forecasting using Exponential Smoothing: forecasts were generated and 

MAPE statistics were calculated. 

 

3.3.2.3 Substage 2.3 – Comparison of Results with Alternative Methods 

 

The results obtained in Substages 2.1 and 2.2 were compared with other methods to 

assess the adequacy of the model. 

 

• Application of reference methods (benchmarks): revenue forecasts were 

initially generated using the less complex benchmark methods Seasonal Naïve, 

Naïve, Drift, and Mean, following Dhakal (2017). 

 

• Accuracy assessment: MAPE values were calculated for each benchmark 

model. 

 

• X13-ARIMA-SEATS modeling: an ARIMA model was generated using the X13-

ARIMA-SEATS program. 

 

• Sample division: the time series was divided into training and test datasets for 

forecast validation. 

 

• Model generation and adjustment: multiple time-series models were generated, 

and each series was individually adjusted using theseas function. 

 

Regarding the X13-ARIMA-SEATS program, Mattos and Ferreira (2020, p. 146) assert 

that one of its features that “deserves to be highlighted is the pre-adjustment of the 

time series, that is, a correction performed before seasonal adjustment actually takes 

place.” This functionality allows for the treatment of non-seasonal outlying observations 

that may nevertheless affect seasonality patterns. One limitation of the present study 
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is that no prior adjustment for working days (among other specific dates) was 

performed before the automatic adjustment procedure. Consequently, reversing the 

sequence of applying the Fable and Seasonal packages should be considered in future 

research. It is important to note that, if, although the X13-ARIMA-SEATS framework 

models only one series at a time (Mattos; Ferreira, 2020), its advantage lies in the fact 

that all residual diagnostics are performed within the same function series function 

(“basededados_ajustada”, forecast.forecasts). 

 

It is noteworthy, in this context, that the modeling process must be iterative the 

agencies and respective time series selected for analysis should undergo continuous 

testing, particularly with respect to residual diagnostics. Moreover, the entire modeling 

process should be based on the “underlying theory and the researcher's experience” 

(Fávero; Belfiore, 2021, p. 511) and evaluated considering the specific circumstances 

faced by each user of the methodology. 

 

 

4 RESULTS AND DISCUSSION 

 

This section is divided into two subsections: the first presents the results of the 

municipality clustering process, while the second reports the results of the time-series 

modeling of revenues for the municipalities analyzed. 

 

4.1 Results obtained in Stage 1 – Economic Clustering of 

Municipalities 

 

The 15 municipalities in the State of São Paulo with the highest Gross Domestic 

Product (GDP) values are presented in Table 1, in descending order. 

 

Table 1 — Municipalities with the highest GDPs in the State of São Paulo (2020) 

Municipality GDP (BRL) Revenue (BRL) Population 

Osasco 63.377.281.663,00  2.855.078.622,94  680.964  

Guarulhos 54.753.119.623,00  4.261.460.107,26  1.351.275  
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Conclusion 

Municipality GDP (BRL) Revenue (BRL) Population 

Campinas 53.364.538.386,00  5.905.702.404,37  1.175.501  

São Bernardo do Campo 39.856.385.608,00  4.363.769.356,61  812.086  

Barueri 39.482.997.035,00  3.226.248.352,97  264.390  

Jundiaí 39.278.730.712,00  2.284.188.239,98  407.016  

São José dos Campos 34.197.969.838,00  3.013.041.783,68  710.654  

Paulínia 32.690.552.549,00  1.347.499.218,87  105.037  

Ribeirão Preto 31.423.776.118,00  2.949.437.391,30  683.777  

Sorocaba 29.554.630.061,00  2.957.377.427,20  658.547  

Santo André 25.828.979.709,00  2.638.303.559,53  693.867  

Piracicaba 21.130.510.915,00  1.780.043.134,66  389.873  

Santos 18.513.709.213,00  2.960.581.983,75  428.703  

São José do Rio Preto 16.848.532.921,00  1.996.643.669,15  447.924  

Cajamar 16.523.071.678,00  594.102.652,04  77.627  

Source: SEADE Foundation (São Paulo, 2020a, 2020b) and TCE-SP (São Paulo, 2020c). 

 

Subsequently, according to what was proposed by Fávero and Belfiore (2021), the 

clustering results were obtained from the tabulated data. The first five clustering stages 

are presented in Table 2. Negative numbers represent observation positions in 

alphabetical order. Positive numbers represent clusters according to the stage in which 

they were formed. Thus, the first cluster was formed by the municipalities of Ribeirao 

Preto (position 9 in the spreadsheet) and Sorocaba (position 15) during Stage 1. In 

Stage 2, the cluster created in Stage 1 was expanded to include São José dos Campos 

(observation 12). Subsequently, Santo André (observation 13) was incorporated into 

the same cluster. 
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Table 2 — Clustering Stages of the Municipalities with the Highest GDPs in the 

State of São Paulo (2020) 

Stage 
Observation 1 / Cluster 
1 

Observation 2 / Cluster 2 Coefficient 

1 -9 (Ribeirão Preto) -15 (Sorocaba) 0,149 

2 1 -12 (São José dos Campos) 0,214 

3 2 -13 (Santo André) 0,372 

4 -8 (Piracicaba) -11 (São José do Rio Preto) 0,380 

5 4 -14 (Santos) 0,756 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

The dendrogram presented in Figure 2 graphically summarizes these results. 

 

Figure 2 — Dendrogram of the Clustering of the 15 Municipalities with the 

Highest GDPs in the State of São Paulo (2020) 

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 
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The results of the F-test are presented in Table 3. 

 

Table 3 — Analysis of Within-Group and Between-Group Variability for the 

Clustering of the 15 Municipalities with the Highest GDPs in the State of São 

Paulo (2020) 

Clustering Variable F-test value P-valor 

GDP 20,8 0,01470 

Revenue 73,44 0,00231 

Population 332,9 0,00024 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

Since all p-values were below 0.05, the selected variables were found to justify the 

adequacy of the clusters obtained, as proposed by Fávero and Belfiore (2021). 

 

4.2 Results Obtained in Stage 2 – Development of the Forecasting 

Models 

 

Based on the cluster identified in Stage 1, the municipalities of Sao Jose dos Campos 

and Sorocaba were selected for the multiple time-series analysis. Ribeirao Preto was 

excluded because, although its revenue series exhibited a normal distribution, its 

residuals did not satisfy the normality assumption (Morettin; Toloi, 2018). This 

requirement is essential to ensure that the generated models capture the full 

information contained in the dataset while minimizing information loss in the residual 

component (Ferreira; Mattos, 2020). 

 

Further analysis revealed that the revenues of the two municipalities were relatively 

similar when compared with those of the remaining municipalities. In December 2020, 

São José dos Campos recorded monthly revenue of approximately BRL 367 million, 

whereas Sorocaba recorded approximately BRL 322 million. Based on the economic 

characteristics of both municipalities, the evolution of revenues from January 2008 to 

December 2021 was observed. The graphical analysis of the time series (Figure 3) 



Revista do TCU | v. 157 | Continuous flow | 2026 | e2026-2186 | DOI: https://doi.org/10.69518/2186. 

 

 

   

 

Original article | Public accounting and data science 

pública e ciência de dados11111111111 

Continues 

indicates a growth trend in both municipalities. In 2020, there was a drop in revenues, 

possibly associated with the economic crisis caused by the COVID-19 pandemic, 

followed by recovery in subsequent years. 

 

Figure 3 — Revenue Time Series of the municipalities of Sao Jose dos Campos 

and Sorocaba (2008-2021) (in BRL)

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

Based on the graphical representation of revenue evolution from 2008 to 2021, the 

forecasting models described in the following sections were generated. 

 

4.2.1 Substage 2.1 – Development of ARIMA and Exponential 

Smoothing Models 

 

The execution of the Fable package produced the models presented in Table 4. 

 

Table 4 — ARIMA and Exponential Smoothing Models for the Revenue Time 

Series of Sao Jose dos Campos and Sorocaba (2008-2021) 

Municipality Modeling Approach Model Specification 

São José dos Campos ARIMA (0,1,1) (0,0,1) [12] 

Year / Month 
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Conclusion 

São José dos Campos Exponential Smoothing 
Multiplicative, Additive, 

Multiplicative 

Sorocaba ARIMA (1,0,1) (0,1,1) [12] with constant 

Sorocaba Exponential Smoothing 
Multiplicative, Additive, 

Multiplicative 

Source: prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

For the ARIMA models, São José dos Campos exhibited a first-order integration in the 

non-seasonal component, whereas Sorocaba exhibited a first-order integration in the 

seasonal component. This indicates that differencing was required to eliminate unit 

roots in both seasonal and non-seasonal components, thereby stabilizing the mean 

and variance of the series and improving forecast accuracy. Subsequently, the 

algorithm identified the lowest AIC, AICc, and BIC values required for model selection 

and specification (O'Hara-Wild et al., 2023), as reported in Table 5. 

 

Table 5 — AIC, AICc, and BIC Values for ARIMA and Exponential Smoothing 

Models of Sao Jose dos Campos and Sorocaba (2008-2021) 

Municipality 
Modeling 
Approach 

AIC  AICc BIC Parameters 

São José dos 

Campos 
ARIMA 6313 6313 6322 

Ma1=-8,58e-1; 

Sma1=3,83e-1 

São José dos 

Campos 

Exponential 

Smoothing 
6678 6682 6732 

Alpha=1,00e-2; 

Beta=1,04e-4; 

Gama=1,00e-4. 

Sorocaba ARIMA 5650 5651 5666 

Ar1=9,17e-1;  

Ma1=-8,32e-1; 

Sma1=-5,78e-1; 

Constant = 1,22e+6 

Sorocaba 
Exponential 

Smoothing 
6379 6383 6432 

Alpha=1,28e-1; 

Beta=7,35e-3; 

Gama=1,77e-4. 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 
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Following the verification, the correlogram (Figure 4) showed that the residuals of the 

ARIMA models for both municipalities crossed the statistical significance bounds. In 

other words, there was an indication of residual correlation (Ferreira, 2020). 

 

Figure 4 — Correlogram of Residuals of ARIMA and Exponential Smoothing 

Time-Series Models (2008-2021) 

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

To determine whether this indication would be confirmed, residual diagnostic tests 

were subsequently performed. As shown in Table 6, all values in the Ljung-Box Test 

column were greater than 0.05. Therefore, the residuals were not autocorrelated. Next, 

the Kolmogorov-Smirnov test indicated that the residuals were normally distributed. 

Finally, the ARCH test, conducted at the 5.0% significance level, showed that the null 

hypothesis of homoscedastic residual variance could not be rejected. Therefore, for 

Sao Jose dos Campos, it was not possible to reject the null hypothesis of the absence 

of linear autocorrelation, nor the assumptions of residual normality and variance 

homoscedasticity. For Sorocaba, the only difference was that the non-rejection of the 

homoscedasticity assumption was verified at the 1.0% significance level. The results 

are reported in Table 6. 
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Table 6 — Residual Diagnostic Results for ARIMA and Exponential Smoothing 

Time-Series Models (2008-2021) 

Municipality 
Modeling 
Approach 

Ljung-Box Test 
Kolmogorov- 
Smirnov 
Test 

ARCHTest 

São José dos Campos ARIMA 0,11 0,08 0,99 

São José dos Campos 
Exponential 

Smoothing 
0,57 0,48 0,99 

Sorocaba ARIMA 0,31 0,06 0,02 

Sorocaba 
Exponential 

Smoothing 
0,38 0,88 0,25 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

In view of these values, all above 1.0%, Mattos and Ferreira (2020) argue that the 

linear component of the time series may be considered adequately modeled, thereby 

allowing forecasts to be generated. Consequently, the fourth and final procedure of the 

modeling process using the Fable package consisted of generating forecasts for 2022 

and 2023. The corresponding MAPE values are presented in Table 7. 

 

Table 7 — Comparison of Forecast Errors (MAPE) Between ARIMA and 

Exponential Smoothing Models for Sao Jose dos Campos and Sorocaba (2022-

2023) 

Municipality Modeling Approach MAPE 

São José dos Campos ARIMA 9,75% 

São José dos Campos Exponential Smoothing 13,2% 

Sorocaba ARIMA 15,3% 

Sorocaba Exponential Smoothing 12,3% 

Source: prepared by the authors, based on calculations in the R language (R Core Team, 2023). 

 

Based on the results presented in Table 7, it can be concluded that the ARIMA model 

provided the most accurate revenue forecasts for Sao Jose dos Campos, as evidenced 

by its MAPE of 9.75%. For Sorocaba, however, the Exponential Smoothing model 
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proved to be the most suitable forecasting approach, achieving a MAPE of 12.3%. The 

forecast trajectories are illustrated graphically in Figure 5. The black line represents 

the actual observed values of the time series. For visualization purposes, observations 

prior to 2021 were omitted from the figure. 

 

Figure 5 — Forecasts of the Sao Jose dos Campos and Sorocaba Time Series 

Using ARIMA and Exponential Smoothing Models (2022-2023) 

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

After completing all these procedures, it was verified that the Fable package provides 

all the functionality required to perform multiple time-series modeling. Accordingly, 

Substage 2.1 was concluded. 

 

4.2.2 Substage 2.2 – Assessment and Validation of Results 

 

In Substage 2.2, the first verification performed after executing the auto.arima function, 

it revealed that the AIC, AICc, and BIC values obtained through the forecast package 

were identical to those generated by the Fable package. Next, Subsequently, the 

statistical significance of the coefficients (Ferreira; Mattos, 2020) was assessed using 

the BETS:t_test function, from the BETS package (Ferreira et al., 2022). The results 

indicated that all coefficients of the ARIMA models satisfied the significance 

requirement, as illustrated in Figure 6. It can be observed that the critical value “t Crit. 
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Value” of 1.97 falls within the interval defined by the statistics calculated for the 

standard errors “Std. Errors”, which prevents rejection of the null hypothesis that the 

ARIMA model coefficients are statistically equal to zero. Consequently, the reported 

result is “True.” 

 

Figure 6 — Analysis of the Statistical Significance of the ARIMA Model 

Coefficients 

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

An important caveat should be noted regarding the constant term of the linear function 

(the drift component). The value estimated by the Fable package may differ from that 

obtained through the forecast package. This discrepancy is explained in the Fable 

Package Manual (2023, p. 59): “Forecast standard errors allow for uncertainty in 

estimating the drift parameter (unlike the corresponding forecasts obtained by fitting 

an ARIMA model directly).” Furthermore, whenever one or more coefficients are found 

to be statistically insignificant, the model may be re-estimated through the ARIMA 

function (Mattos; Ferreira, 2020) by removing the non-significant coefficients from the 

specification. 

 

Subsequently, the assumptions of residual independence, normality, and 

homoscedasticity were examined. Using the accuracy function from the Forecast 

Package, Sao Jose dos Campos presented a MAPE of 9.75%, while Sorocaba 

presented a MAPE of 12.3% for the ARIMA models. These findings were consistent 

with those obtained through the Fable modeling procedure. The validation of the 

Exponential Smoothing models involved a simpler procedure. The models were 

generated using the ets function, after which the corresponding residual diagnostic 

tests were performed. 
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As observed, both the fitted models and the forecasts generated using the Fable 

package produced identical values and conclusions to those obtained through the 

forecast package. This result corroborates the fact that both packages rely on the same 

underlying parameterization framework (O'Hara-Wild et al., 2023). 

 

4.2.3 Substage 2.3 – Benchmark Models and Alternative Methods 

 

In Substage 2.3 of the algorithm developed in RStudio, the benchmark forecasting 

methods Drift, Mean, Naïve, and Seasonal Naïve produced the MAPE values for the 

2022–2023 period shown in Table 8. 

 

Table 8 — MAPE Statistics for the Revenue Time Series of Sao Jose dos 

Campos and Sorocaba Using Naïve Methods (2022-2023) 

Municipality Drift Mean Naive Seasonal Naive 

São José dos Campos 14,4 41,6 11,7 14,4 

Sorocaba 8,69 49,2 11,7 21,3 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

Considering the results shown in Table 8, the Naïve method, with a MAPE of 11.7%, 

was the closest to the ARIMA model result for Sao Jose dos Campos, which achieved 

a MAPE of 9.75%. The Naïve approach uses the most recent observed value in the 

series as the forecast for future periods. For Sorocaba, the Drift method, with a MAPE 

of 8.69%, was the closest to the Exponential Smoothing result, which yielded a MAPE 

of 12.3%. This method incorporates the trend observed in the series when generating 

forecasts, as illustrated in Figure 7. 
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Figure 7 — Forecasts of the Revenue Time Series of São José dos Campos and 

Sorocaba Using Naïve methods (2022-2023) 

 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

As can be observed, ARIMA and Exponential Smoothing models are more 

sophisticated forecasting approaches than the Naïve models, corroborating the 

findings of Dhakal (2017). Regarding the application of the X13-ARIMA-SEATS 

program through the Seasonal package, the results are presented in Table 9. 

 

Table 9 — Modeling of the Revenue Time Series of Sao Jose dos Campos and 

Sorocaba Using X13-ARIMA-SEATS (2008-2021) 

Modeling Element 
São José dos 
Campos 

Sorocaba 

Model Specification (0,1,1) (0,1,1) (0,1,1) (0,1,1) 

Estimated Coefficients 
Non-seasonal: MA=0.9 

Seasonal: MA=0.61 

Non-seasonal: MA=0.71 

Seasonal: MA=0.73 

Information Criteria AIC; AICc; 

BIC 
-; 5793; 5830 -; 5498; 5527 

QS Test – Was seasonality 

detected in the adjusted series? 
No No 

Ljung-Box Test – Is residual 

autocorrelation present? 
No No 

Year/ Month 
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Conclusion 

Shapiro-Wilk Test – Are 

residuals normally distributed? 
No Yes 

MAPE Forecasts  

(2022 and 2023) 
7,54% 11,78% 

Source: Prepared by the authors, based on calculations performed in R (R Core Team, 2023). 

 

As shown, differences exist between the models identified by the Fable (or Forecast) 

package and those generated by Seasonal (X13-ARIMA-SEATS). First, the X13-

ARIMA-SEATS procedure applied both seasonal and non-seasonal differencing to the 

series of each municipality, whereas the Fable package required only differencing for 

the time series of each municipality. Second, the autoregressive component was 

estimated as zero in the Sorocaba model produced by X13-ARIMA-SEATS. Regarding 

forecast accuracy, the ARIMA models generated through Fable produced a MAPE of 

9.75% for Sao Jose dos Campos and 15.3% for Sorocaba. However, according to the 

Shapiro-Wilk test, the residuals of the Sao Jose dos Campos model generated by X13-

ARIMA-SEATS were not normally distributed at the 5% significance level, indicating 

the need for additional adjustments under that methodology. For Sorocaba, the 

Seasonal package automatically applied a logarithmic transformation. Consequently, 

the ARIMA models generated by the Fable package exhibited higher MAPE values 

and less favorable information criteria than those obtained with Seasonal (X13-ARIMA-

SEATS) for both municipalities. Nevertheless, the Sao Jose dos Campos model 

produced by X13-ARIMA-SEATS could not be considered directly comparable with the 

corresponding Fable model because it failed to satisfy the residual normality 

assumption. Likewise, it could not be used for forecasting or MAPE calculation without 

additional manual adjustments (Mattos; Ferreira, 2020), which were beyond the scope 

of this study. 

 

These findings highlight that each forecasting technique is subject to specific 

assumptions, including data quality and availability, the need to account for anomalous 

observations (outliers), and the complexity of the algorithms involved. The study also 

showed that the X13-ARIMA-SEATS models required fewer lines of code than those 

implemented through the Fable package. However, depending on the characteristics 

of the series, model specification may become more complex. For Sao Jose dos 
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Campos, although the ARIMA model estimated through Fable was less accurate than 

the model generated by seasonal, it was the only model that satisfied all diagnostic 

assumptions. For Sorocaba, the Seasonal package provided more accurate forecasts. 

Most importantly, the proposed algorithm was capable of simultaneously modeling the 

revenue series of two municipalities using two distinct forecasting approaches, ARIMA 

and Exponential Smoothing. This considerably increased the efficiency of the modeling 

process and facilitated comparative analyses between governmental entities. 

Regarding forecasting performance, based on the Forecast Accuracy Scale proposed 

by Klimberg, Sillup, Boyle, and Tavva (2010), Sao Jose dos Campos achieved high 

forecast accuracy, with a MAPE of 9.75%, whereas Sorocaba achieved good forecast 

accuracy, with a MAPE of 12.31%. Furthermore, the MAPE values obtained from both 

the ARIMA and Exponential Smoothing models developed in this study were lower 

than the average forecasting error of 17.5% per fiscal year reported by Nascimento 

and Boente (2022). 

 

 

5 FINAL CONSIDERATIONS 

 

This study demonstrated the feasibility of a predictive model for the simultaneous 

analysis of multiple public revenue time series, thereby facilitating budget planning and 

decision-making in revenue-collecting agencies. The results showed that the Forecast 

and Fable packages are fully compatible. However, the latter offers the additional 

advantage of enabling the simultaneous generation of multiple forecasting models, 

including Exponential Smoothing and ARIMA models. In consequence, rather than 

fitting Exponential Smoothing and ARIMA models separately to determine which 

produces the lowest AIC, AICc, BIC, or MAPE values for the data under analysis, users 

can perform all these procedures through a single algorithm implemented in the Fable 

package. Furthermore, this process can be applied to multiple municipalities within the 

same code framework. Another important advantage is algorithmic transparency, 

which allows analysts to understand each stage of the modeling process and every 

intermediate result produced. 
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From a statistical perspective, the conclusions indicate that even municipalities with 

similar economic characteristics, as identified through cluster analysis, may produce 

different AIC, AICc, BIC, and MAPE values and, consequently, may require different 

forecasting approaches. Such a finding may serve as a starting point for further 

investigations into the reasons why municipalities with similar historical revenue 

trajectories can present different outcomes, as may be observed in financial audit 

procedures. 

 

Future studies are recommended to explore alternative research hypotheses, such as 

the application of the proposed methodology to time series that do not exhibit normal 

distributions. Likewise, from the perspective of cluster formation, other variables may 

be added to the analysis, in addition to diversifying the sample size. 

 

It should be emphasized that the modeling process is useful not only for generating 

forecasts but also for understanding the behavior of time series. Moreover, it 

constitutes an important decision-support tool. Therefore, the use of these forecasting 

technologies should be complemented by professional expertise, the conceptual 

foundations of economics, data science principles, and, in the case of governmental 

applications, compliance with the applicable legal and regulatory framework. 
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