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Abstract 

Earnings forecasts and analysts’ forecasts are fundamental for investors’ decisions, the response 
of capital markets to financial information, and the quality of accounting data. However, 
emerging markets, such as Brazil, have a lack of analyst coverage and low forecast accuracy. 
Therefore, forecasting models are essential for investors’ decision-making. Despite its 
importance, the literature remains inconclusive regarding the best method to forecast earnings. 
This paper has the objective to provide an empirical assessment of alternative quarterly earnings 
forecast estimations in the Brazilian market, by analyzing a sample of 358 listed firms using 
quarterly data from 1995 to 2025. We provide firm-specific time-series estimates using well 
accepted, dominant and relatively parsimonious premier ARIMA models (Lorek, 2014) based 
on Foster's (1977) model (ARIMA (100) X (010) with drift); Griffin (1977) and Watts’ (1975) 
model (ARIMA (011) X (011)) and Brown and Rozeff's (1979) model (ARIMA (100) X (011)). 
Additionally, we present three benchmark models: (i) a simple earning extrapolation based on 
seasonal random trend (SRT) suggested by Li et al. (2022), (ii) a simple random walk based on 
previous quarter (t-1), and (iii) a seasonal random walk (t-4) as complementary approaches. 
The results indicate that the simpler benchmark models (naïve RW, seasonal RW, 
extrapolation) outperform more complex ARIMA-based models, which are internationally 
recognized as premier models. Thus, for our sample, simple extrapolation or naïve models can 
perform even better than the traditional and more complex ARIMA models. We also 
demonstrate that forecast accuracy varies according to: (i) quarter-specificity, (ii) 
macroeconomic crises, (iii) corporate governance listing segments, and (iv) industry-specific 
factors. Finally, our study contributes to the literature by providing further evidence on the 
discussion regarding simplicity versus complexity trade-off in empirical research, especially in 
an emerging market like Brazil.  
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1. INTRODUCTION 
Kothari (2001, p. 145) suggested that the literature on the time-series properties of 

earnings and earnings forecast might have become extinct, and the main reason was the easy 
availability of analysts’ forecasts, which were better substitutes available at a low cost in 
machine readable. After 25 years, however, this view might reflect the United States (U.S.) 
stock market and few others developed countries only, but it is far distant from other markets, 
particularly in emerging economies. The reason is the lack of analyst coverage and systematic 
estimations of sell-side analysts. Moreover, even in developed markets, with high analyst 
coverage, recent literature has documented a surprisingly low analyst accuracy, even when 
compared to naïve time-series estimation approaches (Li et al., 2022; Pagach & Warr, 2020; 
Ball & Ghysels, 2018, Bradshaw et al., 2012). 

Despite the professional applicability in investment decisions, earnings forecasts are 
relevant as a proxy for the unobservable expectations of investors and are directly linked to how 
capital markets react to financial information and the quality of accounting information 
(Nissim, 2025; Li et al., 2022; Brown, 1993). Specifically, capital markets research requires a 
measure of these expectations, and earnings forecasting provides a way to quantify this (Brown, 
1993) and investors usually anchor to analysts’ forecasts as a primary information source to 
forming earnings expectations (Li et al., 2022). However, international literature is inconclusive 
on what is the best way to forecast earnings. While the widely belief that analysts’ forecasts are 
more accurate than time-series (mechanical) forecasts (Pagach & Warr, 2020; Brown et al., 
1987), a significant amount of the literature has extensively analyzed several alternative models 
and approaches based on mechanical time-series estimation, accounting-based estimation and 
machine learning approaches to challenge this belief, with mixed findings (Hezam et al., 2025; 
Li et al., 2022; Ball & Ghysels, 2018, Bradshaw et al., 2012). 

These mixed findings, per se, can motivate further research on the topic. However, the 
mentioned studies are all based on the US market, with extensive financial analysts’ coverage. 
When the topic comes to emerging economies, as the case of the Brazilian market, the analysts’ 
coverage is incredibly low. This low coverage comes in three dimensions: first, the main listed 
firms have just few analysts, and with a few alternative views of the companies, analysts’ 
forecast bias can increase. Second, many listed firms are not covered by analysts at all. Third, 
most analysts’ forecasts are restricted to stock prices’ forecast rather than earnings forecast. 
Therefore, emerging markets, as the Brazilian case, may rely more heavily on time-series 
(mechanical) forecasts approaches to have a consistent proxy for future financial performance 
(earnings) expectation. Specifically, from the 370 Brazilian firms available at the LSEG® 
(former Refinitiv Eikon) in 2025, 185 (50%) firms are not covered by analysts, and no forecast 
is available; while 82 (22.2%) are covered by up to four analysts and 103 (27.8%) are covered 
by five analysts or more. That is, only 27.8% of the Brazilian firms can have earnings consensus 
with a minimum variance of perception. This evidence testifies against the Brazilian capital 
market efficiency. 

Additionally, although analysts’ earnings forecasts are limited in the Brazilian market, 
to the best of authors knowledge, no study investigate different alternative time-series approach 
to estimate quarterly earnings. We fill this gap by offering comprehensive analysis in the 
Brazilian market and show that results in Brazil differ substantially from the seminal 
international literatureii. 

Hence, this paper provides an empirical assessment of alternative quarterly earnings 
forecast estimations in the Brazilian market. We use an extensive sample of 358 listed firms 
using quarterly data from the entire period of monetary stability (30 years ranging from 1995 
to 2025). We provide firm-specific time-series estimates using well accepted, dominant and 
relatively parsimonious premier ARIMA models (Lorek, 2014) based on Foster's (1977) model 
(ARIMA (100) X (010) with drift); Griffin (1977) and Watts’ (1975) model (ARIMA (011) X 
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(011)) and Brown and Rozeff's (1979) model (ARIMA (100) X (011)). We also provide three 
benchmark models using a simple earning extrapolation based on seasonal random trend (SRT) 
suggested by Li et al. (2022) and, simple random walk based on previous quarter (t-1) and 
seasonal random walk (t-4) as complementary approaches. 

The results show that simple benchmark models (naïve RW, seasonal RW, 
extrapolation) outperform more complex ARIMA-based models that are internationally 
recognized as premier models.  Hence, in a market, characterized by higher volatility, greater 
risk, greater price variation, higher interest rates, and greater uncertainty, simple extrapolation 
or naïve models can perform even better than the traditional and more complex ARIMA models. 
Additionally, the paper shows that in-sample estimation accuracy varies significantly according 
to the contextual nature of earnings, since the estimation itself in the Brazilian market provided 
lower accuracy, on average, compared to previous studies conducted in developed markets. We 
also show that accuracy varies according to: (i) quarter-specificity, (ii) macroeconomic crisis, 
(iii) corporate governance listing segments, and (iv) industry-specificity. 

Although the results documented in this paper may be considered surprising due to the 
well acceptance and supposed superiority of the ARIMA models present in the literature, the 
results are in line with empirical findings in Lorek and Willinger (2007), Lorek and Bathke 
(1984), Li et al. (2022) and Pagach and Warr (2020), who also document dominance of the 
random walk models over ARIMA-based models and argue that simple measures are preferable 
to the prevailing ARIMA-type models because simple models only requires few recent realized 
quarterly earnings, making it much simpler than ARIMA models which require long history of 
earnings to achieve a stable parameter fit, generating survivorship bias and excludes many 
firms. 

Our results also contribute to the literature by providing additional evidence on the 
discussion on simplicity versus complexity trade-off in empirical research. First, more complex 
ARIMA models (like Foster, Griffin-Watts, and Brown-Rozeff) have more parameters to 
estimate. If data series are not very long for each firm, or if the underlying earnings process is 
truly simpler, these models can overfit and overdifference the historical data and, leading to 
poor forecast accuracy (Lorek & Bathke, 1984). Second, traditional ARIMA models require a 
long history of data to achieve stable parameter estimates. For firms with shorter histories or 
where data quality is an issue, simpler models that demand less data will often perform better. 
Third, simpler models may often be more consistent to structural breaks or shifts in the 
underlying earnings process that might destabilize the parameters of a more complex model. 

Overall, the findings underscore that in volatile emerging markets, intuitive naïve 
models rival (and often exceed) the performance of theoretically preferred ARIMA-based 
approaches, offering a practical alternative where analyst coverage is limited. These results 
reinforce the contextual nature of the predictive power of statistically based quarterly earnings 
models indicated by previous literature. 

 
2. LITERATURE REVIEW 

2.1. Why are earnings forecasts important? 
In accounting and finance literature, earnings forecasts are crucial for understanding 

how and why stock prices react to earnings announcements and are well explored in the 
literature. Kothari (2001) indicates five reasons for research on the time-series properties of 
earnings: first, almost all models of valuation either directly or indirectly use earnings forecasts. 
Second, the analysis of the relationship between financial reports and security returns frequently 
uses a model of expected earnings to isolate the surprise component of earnings from the 
anticipated component. Third, efficient markets hypothesis assumes that security returns are 
predictable and that their predictability is associated with the time-series properties, which 
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creates a natural demand for research. Fourth, positive accounting theory claims that managers 
act opportunistically with their accounting choices to manage earnings, what imply the 
existence of “normal” earnings that are calculated using a time-series. Finally, Kothari (2001) 
indicates that analyst and management forecasts are a source of information in the capital 
markets, but they are documented to be biased or manipulated information. Therefore, 
understand the time-series the properties of earnings and provide independent estimations can 
evidence and explain potential errors and biases. 

In this regard, Li et al. (2022) provide direct evidence that forecasts influence market 
behavior, since when analysts' forecasts and a time-series model agree, the stock price response 
to an earnings surprise is stronger. This indicates that the market uses both sources of 
information to form expectations. Additionally, the relevance of earnings forecasts is also 
central to the study of Post-Earnings-Announcement Drift (PEAD), which is the phenomenon 
of a stock's price continuing to drift in the direction of an earnings surprise for a period after 
the announcement, because investors fail to fully grasp the autocorrelations in earnings, leading 
to a delayed market reaction. Earnings forecast, whether from analysts or time-series models, 
help to quantify this "surprise" (Chen, 2013). 

While analyst forecasts are generally considered dominant, time-series models also 
prove relevant, especially for a significant number of firms. Pagach and Warr (2020) 
demonstrate that for a substantial portion of cases (about 40%), ARIMA time-series models 
provide forecasts that are as or more accurate than analyst forecasts. This is particularly true for 
smaller firms and those in the high-technology sector.  Therefore, results documented by 
Pagach and Warr (2020) suggest that ARIMA time-series models can be useful for certain types 
of firms and under certain conditions, indicating that these models can serve as a valuable 
alternative to complement analysist estimations and especially when analyst data is unavailable, 
as the Brazilian capital market. Moreover, the authors also emphasize the relevance of the 
Seasonal Random Walk (SRW) model, which is a simpler alternative that requires less 
historical data, allowing for analysis of a much larger sample of firms. 

 

2.2. Why quarterly earnings forecasts? 
Kothari (2001) argues that the Interest in quarterly earnings stems from four key factors. 

First, seasonality, because quarterly earnings capture seasonal business cycles, which are 
common in many industries. Second, the timeliness, as quarterly earnings are more timely than 
annual reports, and may offer a more accurate proxy for market expectations. Third, accounting 
requirements, since quarterly periods are components of annual period, leading to estimation 
errors in the first three quarters that are offset in the fourth. Finally, quarterly data provides 
more observation since it has four times as many observations as annual data, which allows for 
more precise forecasts and reduces survivor bias by including a larger sample of firms. 

 

2.2.1 ARIMA properties of quarterly earnings 

2.2.1.1 Usefulness of Classic ARIMA Models 
ARIMA models are a functional tool in time-series analysis widely used to provide a 

structured way to analyze data with trends, seasonality, and other time-dependent patterns. The 
functionality applied to earnings properties and earnings forecast has been extensively analyzed 
by literature, especially in the 70s and 80s, considered the “golden-age” of time-series research 
in accounting (Lorek, 2014). Typically, ARIMA models are particularly effective for short-
term forecasting by capturing linear relationships and the immediate autocorrelation in data 
(Fischer et al., 2020) and have the capability to track complex autocorrelation, especially for 
stable, linear time-series data with seasonality, providing forecasts with minimal computational 
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effort (Lorek & Willinger, 2011). Additionally, unlike many modern "black box" machine 
learning models, ARIMA models are highly interpretable. The parameters (p,d,q) have clear 
statistical meanings, which can provide insights into the underlying process generating the 
earnings data. 

However, classic ARIMA models are subjective to limitations, especially in complex 
and volatile environments, such as emerging markets. ARIMA models rely solely on past 
earnings data to make predictions, and they do not incorporate external factors like economic 
shocks, policy changes, or firm-specific news, which are crucial drivers of earnings (Kothari, 
2001). In terms of data, ARIMA models assume that the relationship between past and future 
earnings is linear. However, financial data is often non-linear, especially during periods of high 
volatility or sudden market shifts. A classic ARIMA model would struggle to predict a major 
earnings collapse or an unexpected surge. The correct p,d,q parameters can be subjective and 
vary under certain firm- or industry-specific conditions (Lorek & Willinger, 2007; Pagach & 
Warr, 2020). 

Most of the accounting and finance literature in the 70s and 80s addressed the parameter 
specification that became premier ARIMA models for quarterly earnings (and/or quarterly cash 
flow) estimation. Overall, the literature suggests three well accepted, dominant and relatively 
parsimonious ARIMA models (see Lorek, 2014; Kotari, 2001). First, Foster's (1977) model 
described as an ARIMA (100) X (010) with drift model. Second, the Griffin (1977) and Watts’ 
(1975) model described as an ARIMA (011) X (011) model. Third, the Brown and Rozeff's 
(1979) model described as an ARIMA (100) X (011) model. The three models. We test the 
forecast efficiency/accuracy of five models in the Brazilian market, which are: Foster ARIMA 
Model (F), Griffin-Watts ARIMA Model (GW), Brown-Rozeff ARIMA Model (BR), Seasonal 
Random Trend Extrapolation (SREXT), and Naïve Random Walk (NAÏVE) and Seasonal 
Naïve Random Walk (SNAÏVE). 

 

2.2.1.2 Foster ARIMA Model (F) 
Equation 1 presents Foster's ARIMA model (100) X (010) with drift, where 𝑄𝑄𝑡𝑡 is the 

quarterly earnings at time 𝑡𝑡, 𝜑𝜑1, the autoregressive parameter, and 𝑄𝑄𝑡𝑡−𝑛𝑛,  the quarterly earnings 
at time 𝑡𝑡 − 𝑛𝑛. 

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−4 + 𝜑𝜑1(𝑄𝑄𝑡𝑡−1 − 𝑄𝑄𝑡𝑡−5) + 𝛿𝛿 (1) 

Foster's (1977) premier ARIMA model is a simple autoregressive process superimposed 
upon the seasonally differenced series with an appended drift term. The simplicity to estimate 
its’ parameters made it the most popular of the premier ARIMA models because its parameters 
may be readily estimated using OLS regression (Kothari, 2001). Hence, it is defined as a non-
seasonal autoregressive model of order 1, a non-seasonal integrated model of order 0, and a 
non-seasonal moving-average model of order 0, but it also includes a seasonal integrated 
component of order 1 with a seasonal period of 4 (for quarterly data), and a constant.  

 

2.2.1.2 Griffin-Watts ARIMA Model (GW) 
Equation 2 details Griffin-Watts ARIMA model (011) X (011), where 𝜃𝜃1 is the regular 

moving average parameter, 𝜃𝜃�1, the seasonal moving average parameter, 𝑎𝑎𝑡𝑡−4, the disturbance 
term at time 𝑡𝑡 − 4, and 𝑎𝑎𝑡𝑡−5, the disturbance term at time 𝑡𝑡 − 5.  

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−4 + (𝑄𝑄𝑡𝑡−1 − 𝑄𝑄𝑡𝑡−5) − 𝜃𝜃1𝑎𝑎𝑡𝑡−1 − 𝜃𝜃�1𝑎𝑎𝑡𝑡−4 − 𝜃𝜃1𝜃𝜃�1𝑎𝑎𝑡𝑡−5 (2) 
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Watts (1975) and Griffin (1977) models contain both regular and seasonal differences, 
as well as regular (𝜃𝜃1), and seasonal (𝜃𝜃�1) moving-average parameters. 

 

2.2.1.3 Brown-Rozeff ARIMA Model (BR) 
Equation 3 presents Brown and Rozeff's ARIMA model (100) X (011), where 𝜑𝜑1 is the 

autoregressive parameter, 𝜃𝜃�1, the seasonal moving average parameter, and 𝑎𝑎𝑡𝑡−4, the disturbance 
term at time 𝑡𝑡 − 4. 

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−4 + 𝜑𝜑1(𝑄𝑄𝑡𝑡−1 − 𝑄𝑄𝑡𝑡−5) − 𝜃𝜃�1𝑎𝑎𝑡𝑡−4 (3) 

Brown and Rozeff (1979) provided descriptive evidence that Foster's premier ARIMA 
model did not fully account for residual autocorrelation at lag 4 of the SACF, and, as a result, 
was potentially misspecified. In fact, they added a seasonal moving-average parameter (1) to 
remedy this potential deficiency and presented empirical evidence consistent with the notion 
that their model exhibits better descriptive fit and predictive performance than that of Foster 
(Bathke & Lorek, 1984). 

More recent literature and evidence indicate that simple naïve and simple extrapolation 
models may perform as well as, or even better than more complex ARIMA model (Li et al., 
2022, Pagach & Warr 2020). In this regard, following Li et al. (2022) we also provide a simple 
earning extrapolation based on seasonal random trend (SRT). 
 

2.2.1.4 Seasonal Random Trend Extrapolation (SREXT) 
Equation 4 details the Seasonal Random Trend (SRT) Extrapolation. 

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−1 + (𝑄𝑄𝑡𝑡−4 − 𝑄𝑄𝑡𝑡−5) (4) 

Li et al. (2022) argue that the SRT extrapolation measure is preferable to the prevailing 
ARIMA-type models for three reasons: first, the SRT model only requires the five most recent 
realized quarterly earnings, making it much simpler than ARIMA models. Second, ARIMA 
models suffer from survivorship bias because they require a long history of earnings to achieve 
a stable parameter fit, which excludes many firms while the SRT model relaxes these data 
restrictions. Third, using an ARIMA model for all firms can lead to model misspecification. 
 

2.2.1.5 Naïve Random Walk (NAÏVE) and Seasonal Naïve Random Walk (SNAÏVE) 
Finally, following Pagach and Warr (2020) and Lorek and Bathke (1984), we also tested 

two naïve benchmarks, detailed in Equations 5 and 6. Equation 5 presents a simple non-seasonal 
quarterly random walk quarter-to-quarter (i.e. adjacent/consecutive quarter, stated as 𝑡𝑡 − 1), 
plus a random disturbance term, 𝜖𝜖𝑡𝑡. 

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−1 + 𝜖𝜖𝑡𝑡  (5) 

Equation 6 shows a seasonal random walk (i.e. compared to the same quarter of previous 
year, stated as 𝑡𝑡 − 4. Pagach and Warr (2020) and Nissim (2025) emphasize the relevance of 
the Seasonal Random Walk (SRW), since this approach accommodates a dual-process 
characterization of quarterly earnings comprised of quarter-to-quarter (adjacent/consecutive), 
as well as (seasonal) components, plus a random disturbance term, 𝜖𝜖𝑡𝑡. 

𝐸𝐸(𝑄𝑄𝑡𝑡) =  𝑄𝑄𝑡𝑡−4 + 𝜖𝜖𝑡𝑡  (6) 
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According to Lorek (2014), the similarities in ARIMA models’ structure are evident, 
since they relate to current levels of quarterly earnings (𝑄𝑄𝑡𝑡) to quarterly earnings four periods 
ago (𝑄𝑄𝑡𝑡−4) and the most recent quarter's growth in earnings (𝑄𝑄𝑡𝑡−1 −  𝑄𝑄𝑡𝑡−5). The same logic refers 
to the earnings extrapolation (SREXT). However, these premier ARIMA models are univariate 
in nature, relying entirely upon past quarterly earnings to predict future quarterly earnings 
(Lorek, 2014). 

 

2.3. Empirical studies in the Brazilian market 
Martinez & Dumer (2013) analyzed the effects of IFRS adoption in analysts’ forecasts 

properties, such as their errors, considering Brazilian companies and quarter earnings. The 
authors showed that most of analysts’ errors are positive between the first quarter of 2007 and 
the last quarter of 2011, suggesting that their estimates were optimistic in this period, which 
includes times of economic recession and growth. 

Random walk forecast models have a higher information content than analysts’ 
projections, suggesting a potential analyst inefficiency due to the specific characteristics of the 
Brazilian capital markets (Gatsios et al., 2020). Therefore, according to the authors, analysts do 
not contribute to the reduction of informational asymmetry in the country’s capital markets. 
However, there is a lack of evidence regarding quarterly earnings properties and forecasts, 
especially in emerging economies, such as Brazil. 

 
3. EMPIRICAL DESIGN 

3.1. Sample, period, core earnings and earnings estimations 
This paper employs an exploratory approach, due to the lack of early evidence regarding 

quarterly earnings properties and forecasts, especially in emerging economies, as presented in 
section 2.3. We applied the most comprehensive sample as possible, reducing the survivorship 
bias by not imposing a survivorship restriction. 

The data was collected from Economatica® database, which is the most comprehensive 
for Brazilian listed firms, and considers active and non-active firms. From the universe of 
available firms listed and delisted from 1995 to 2025, the only data restriction imposed in the 
selection was to have at least 12 consecutive quarters. This restriction provided 358 firms. 
However, our research expands previous studies by considering a broad sample of firms in 
Brazil. We analyze the period from the first quarter of 1995 to the second quarter of 2025, 
totaling 122 quarters. This period corresponds to the 30 years since the Real plan, which marked 
the stabilization of the Brazilian currency. The requirement of 12 consecutive quarters (three 
years) represents the minimum period necessary to estimate the models, as they rely on 
seasonally lagged information. Tables 1 and 2 present the number of companies per industry 
and per governance level for the sample of this study (358 firms), respectively. 

 
Table 1 – Number of Companies per Industry 

Industry Number of Companies % 
Cyclical Consumer Goods 87 24.3% 
Industrials 58 16.2% 
Financial 47 13.1% 
Utilities 43 12.0% 
Basic Materials 30 8.4% 
Non-Cyclical Consumer Goods 27 7.5% 
Healthcare 21 5.9% 
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Information Technology 18 5.0% 
Oil, Gas and Biofuels 11 3.1% 
Others 10 2.8% 
Communications 6 1.7% 
Total Sample 358 100.0% 

Source: Made by the authors based on data from Economatica® (2026). 
 

Table 1 shows that firms concentrate in four industries: Cyclical Consumer Goods (87 
firms), Industrials (58 firms), Financial (47 firms), and Utilities (43 firms). Cyclical Consumer 
Goods is the industry with the highest number of companies in the sample. Table 2 shows that 
most companies in the sample are concentrated in the New Market (181 firms) and Traditional 
(112 firms) governance levels. 
  

Table 2 – Number of Companies per Governance Level 

Governance Level Number of Companies % 
New Market 181 50.6% 
Traditional 112 31.3% 
Level 1 24 6.7% 
Level 2 21 5.9% 
Bovespa Plus 11 3.1% 
Organized Over-the-Counter Market 5 1.4% 
BDR Level 3 3 0.8% 
Bovespa Plus Level 2 1 0.3% 

Total Sample 358 100.0% 
Source: Made by the authors based on data from Economatica® (2026). 
 

Considering the firms with partial time-series data (i.e. firms listed or delisted 
throughout the period), the total number of Earnings Per Share (EPS) collected was 28,181, 
with an average of about 79 quarters by firm. Evidently, the longer the time-series length, the 
better the estimated parameters. Conversely, short lengths are often associated with low 
efficient parameters. After considering the variable calculation and reducing lagged and 
differencing values, the analysis provided a total of 26,092 firm-quarter estimations. We 
collected the quarterly reported earnings per share (quarterly earnings accumulated in the three 
months), adjusted for stock splits and remuneration, for consolidated financial reports and/or 
for individual firms if the earlier was not available. 

Based on reported core earnings, we estimated the firm-specific one-quarter-ahead in-
sample estimations following: (i) Foster (1977), (ii) Griffin (1977) and Watts (1975), (iii) 
Brown and Rozeff (1979), (iv) seasonal random trend extrapolation, (v) naïve one-quarter 
random walk, and (vi) naïve seasonal random walk. For the three-premier time-series models, 
we provided the in-sample fitted values following the specified time-series structure. It should 
be noted that we did not evaluate or aggregate the firm-specific estimate parameter, i.e. we 
assumed that the ARIMA models are similarly applicable to all individual firms in the sample, 
which may not be true due to different lag structure and time-series behavior of each specific 
firm.  

 

3.2. Measure of predictive accuracy 
Following the literature (Fisher et al., 2020; Lorek & Willinger, 2011), for each 

estimation model, we used the fitted in-sample estimation values to compute the mean absolute 
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percentage error (MAPE) as the measure of predictive accuracy, which is detailed in Equation 
7. 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
��

𝐴𝐴𝑖𝑖 − 𝐹𝐹𝑖𝑖
𝐴𝐴𝑖𝑖

�
𝑛𝑛

𝑖𝑖=1

 (7) 

Being n, the number of predictions, and F and A denote the forecasted and actual 
quarterly earnings, respectively. Following most of the literature, such as Fisher et al. (2020), 
Lorek and Willinger (2011), and Brown et al. (1987), prediction errors exceeding 100 percent 
are truncated to 100 percent, in order to avoid the effects of explosive prediction errors (Fisher 
et al. 2020). 

 
4. EMPIRICAL RESULTS 

Table 3 shows the exploratory and descriptives statistics based on Mean Absolute 
Percentage Error (MAPE). Panel A of Table 3 shows the descriptive statistics of MAPE for the 
26,092 firm-quarter estimations. Based on MAPE averages, it is notable that traditional ARIMA 
models have, on average, larger absolute errors (around 0.84 to 0.87) than simple extrapolation 
or naïve models (around 0.59 to 0.65). Initially, these errors are substantially high, and for a 
decision-making perspective disappointing and somehow surprising. However, these numbers 
are in line with previous studies in one-quarter ahead estimation, such as Ball & Ghysels (2018), 
who also find MAPE in the order of 0.80 to 0.90. Additionally, our level of MAPE considering 
the extrapolation and naïve models is in line with Li et al. (2022) find of MAPE ranging from 
0.49 to 0.61 in analysts’ estimations, which were as accurate as seasonal random extrapolation. 
When looking at the standard deviation, premier ARIMA models have smaller error deviations 
than their simpler counterparts, as extrapolation and naive models have a larger standard error 
proportional to their averages. 

As we mentioned in previous section, following previous literature, we truncated the 
values higher than one. Therefore, Panel A of Table 3 shows that a significant portion of the 
sample has MAPE greater than one and was truncated to one. It should be noted that GW and 
BR most of the estimates exceeded one, 65.7 and 57.3 percent, respectively. This is 
unexpectedly high due to the expectation of relatively good performance of ARIMA models 
compared to simple time-series assumptions. However, previous literature is not transparent in 
relation to the impact of these adjustments. 

Brown et al. (1987) analyzed the truncation effect, using Foster, Griffin- Watts and 
Brown-Rozeff models, and they show that 4.0% to 11.0% of their sample was affected by 
truncation. In our sample, the proportion of truncate values ranges from 34.2% (NAÏVE) to 
65.7% (GW). Even the low proportion of estimates truncated (34.2%) is high compared to the 
previous study. However, some points must be considered when comparing the two studies: 
first, Brown et al. (1987) required the data availability of 83 quarters, in our case, this 
requirement would reduce the sample from 358 to 175 firms, which is conflicting to the purpose 
of finding a comprehensive tool for earnings estimation to compensate for the lack of analyst 
coverage in Brazil. Second, the economic stability in the Brazilian market is lower them that in 
the U.S. market, which implies high earnings volatility, low earnings persistence and reduces 
the efficacy of estimation of long-term parameters.  In this regard, our results are consistent to 
absolute forecast errors documented by Gatsios et al. (2020) in the Brazilian market, using 
annual earnings forecast of analyst and random walk models. The authors found average errors 
of 0.84% and 0.85% for each model, respectively. 

Panel A of Table 3 also shows an Average Score Ranking, which computes the ranking 
for relative performance among the models. Specifically, for each company and quarter, the 
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model with lowest error was assigned with the value 1, the second best was assigned with 2 and 
so on, until the value 6 to the model with the highest error. Subsequently, we compute the 
average of each model’s rankings, so the lower the value of this average, the smaller the errors 
and therefore the better positioned the model was in relation to the others, in relation to those 
with higher rankings among all firms and quarters. The model with the average better ranking 
and lowest average errors was the naïve random walk model (2.71), followed by seasonal 
random walk (2.86), the seasonal extrapolation model (3.30), the Foster’s model (3.52), the 
Brown-Rousseff model in fifth (4.11), and, finally, the lowest ranked, in average, the Griffin-
Watts model (4.5). It should be noted that, among the traditional ARIMA models, the Foster’s 
model performed best in the Brazilian market. However, it still performed worse than naive and 
extrapolation models. 

We also analyzed how many times a specific model outperformed the others, as an 
additional analysis, in order to understand this ranking. In this regard, Panel B of Table 3 shows 
that the naïve simple random walk model (NAÏVE) was the most accurate in 26.6% of the 
estimations, followed by the seasonal random walk (SNAIVE), the most accurate in 23.8% of 
the estimations, the seasonal extrapolation (STEX) in 19.9%, the Foster’s model (F) in 13.1%, 
the Brown-Rousseff model (BR) in 9.0%, and, finally, the Griffin-Watts (GW) model, which 
was the most accurate in 8.6% of the estimations. Complementary, the lowest accurate models 
were the Griffin-Watts (41.5%) and the Brown-Rousseff (22.0%), totalizing 63.0% of the 
lowest performance in terms of MAPE. The superiority of NAÏVE model is consistent with 
recent evidence provided by Byun and Roland (2022), which demonstrate that prior quarter 
earnings serve as an important benchmark that managers seek to achieve. The superiority of 
benchmark models compared to ARIMA models is also supported by recent evidence provided 
by Li et al. (2022), Pagach and Warr (2020), Lorek and Willinger (2007), and Lorek and Bathke 
(1984). 

Finally, Panel C of Table 3 shows the MAPE segregated by quarter for each model. It 
is possible to verify that there was reasonable stability in total terms between the quarters. 
However, we performed the mean and variance equality tests between the estimations of various 
quarters. The variance equality test is indicated first, and when it was found significant, 
specifically, there was no variance stability between the quarters, a non-parametric test was 
used (Kruskal-Wallis χ2). If there was an indication of means with equal variance, the test of 
means between groups was used (ANOVA F). For all models, results indicate that there are 
statistically significant differences in the means (or medians) among the quarters. Therefore, 
despite the overall lack of accuracy, we did not find a systematic pattern of errors among the 
different models related to quarte-specific estimation, rather, we see that some models tend to 
have higher average errors (F, BR, SNAIVE) in the last (fourth) quarter, while other models 
tend to have higher errors in the first quarter (GW, SRTEX, NAÏVE). 

 
Table 3 – Exploratory and descriptives statistics based on Mean Absolute Percentage Error (MAPE) 

Panel A - Estimation descriptives based on Mean Absolute Percentage Error (MAPE) 

 
Foster  
(F) 

Griffin-
Watts  
(GW) 

Brown-
Rozeff  
(BR) 

Seasonal 
Trend 
Extrapol.  
(STEX) 

Naïve  
Random 
Walk  
(NAÏVE)  

Seasonal 
Naïve 
Random 
Walk  
(SNAÏVE) 

Nr. Estimations 26,092  26,092  26,092  26,092  26,079      26,092  
Average 0.859 0.869 0.838 0.655 0.593 0.613 
Std. Dev. 0.220 0.248 0.262 0.371 0.370 0.365 
       
Truncated 
(MAPE >1) 10,648  17,131  14,946  11,509   8,931  9,377  
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 (%) 40.8% 65.7% 57.3% 44.1% 34.2% 35.9% 
       
Average Score 
Ranking 

                 
3.52  

                 
4.50  

                 
4.11  

                 
3.30  

                 
2.71  

                 
2.86         

Panel B - Number of times the model performed the better and the worst 

 Number of times the model was the: 
 F GW BR SRTEX NAÏVE SNAIVE 
Highest 
accurate 3,414  2,242  2,343  4,943  6,926  6,205  
% 13.1% 8.6% 9.0% 19.0% 26.6% 23.8% 
       
Lowest accurate 2,314  10,838  5,750  3,553  1,763  1,875  
% 8.9% 41.5% 22.0% 13.6% 6.8% 7.2%        
Panel C - Mean Absolute Percentage Error (MAPE) by Quarter 

 F GW BR SRTEX NAÏVE SNAIVE 
1st Quarter 0.840 0.871 0.826 0.703 0.659 0.587 
2nd Quarter 0.864 0.864 0.836 0.618 0.549 0.611 
3rd Quarter 0.858 0.873 0.842 0.635 0.562 0.610 
4th Quarter 0.873 0.867 0.849 0.665 0.605 0.645 
Bartlett's equal-
variances test 181.8*** 2.0 33.9*** 10.0*** 4.2 4.8 
ANOVA (F) or 
Kruskal–Wallis 
(χ2) 24.86*** 23.52*** 8.33*** 66.84*** 365.67*** 74.92*** 

 Source: Made by the authors based on data from Economatica® (2026). 
 
According to Kothari (2001), the quarterly reporting period should be considered as an 

integral part of the annual reporting period and annual operating expenses should be estimated 
and allocated to quarterly periods. In this case, the last quarter should offset the intentional (i.e., 
opportunistic) and unintentional estimation errors in allocating expenses to the three initial 
quarters. This should explain the higher average errors documented in the last (fourth) quarter 
for most of the models, as displayed in Table 3. 

Overall, our analysis shows that simple time-series benchmarks, especially seasonal 
naïve models, consistently outperform traditional ARIMA-based approaches in forecasting 
quarterly earnings in Brazil. Despite the theoretical appeal of models such as Foster, Brown-
Rozeff, and Griffin-Watts, their forecasts are less accurate and far more frequently require 
truncation, reflecting the higher volatility and lower earnings persistence characteristic of 
emerging markets. Ranking results confirm the dominance of naïve and extrapolation models 
across firms and quarters, while no model exhibits a stable seasonal pattern of errors. Therefore, 
the findings suggest that in environments with limited analyst coverage and unstable earnings 
processes, straightforward naïve forecasts can offer a practical alternative to more complex 
time-series specifications. These results reinforce the contextual nature of the predictive power 
of statistically based quarterly earnings models indicated by Lorek and Willinger (2007). 

In this regard, Figure 1 provides the average temporal variation of MAPE by year of 
estimation. It is possible to verify that the behavior of the forecast errors changes over the years. 
Initially, there is a high error average in all models in the period from 1996 to 2003, which was 
characterized by the most volatile period in the sample following the monetary stabilization 
initiated with the Real Plan in mid-1994 and followed by the emerging market crisis (Asia, 
Argentina and Brazil) until mid-2003. The errors systematically reduced between 2003 and 
2007 for the naive and extrapolation models, with a significant drop until 2007. However, the 
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ARIMA models were not similarly reduced and maintained a reasonably constant error 
throughout the period. 

Figure 1 also shows that, in the naive and extrapolation models, from 2007 onwards 
there is a series of error peaks. These peaks are directly related to moments of crisis. 
Specifically, the 2008 crisis (subprime crisis) generated a clear peak in estimation errors. Then, 
in the period of 2015 and 2016, we had another peak that corresponds to the period of political 
crisis derived from the impeachment of President Dilma Rousseff. The errors started to fall 
again until 2019, and we had another peak in 2020, corresponding to the period of the COVID-
19 pandemic. These results reinforce the time-specific contextual nature of the predictive power 
of statistically based quarterly earnings models (Lorek & Willinger, 2007). 

 
Figure 1 - Average temporal variation of MAPE by year of estimation 

 

Source: Made by the authors (2026). 
 
The results documented in this paper are in line with previous findings of Lorek and 

Willinger (2007) and Lorek and Bathke (1984). Specifically, Lorek and Willinger (2007) 
document empirical evidence on the statistical dominance of the random walk models over 
ARIMA-based models in the pooled one-step-ahead quarterly earnings predictions. However, 
their findings are restricted to high-technology firms. In our paper, we expand this evidence for 
a broad sample of firms in Brazil, which is a high volatile market. Lorek and Bathke (1984), 
show that methodology used to identify seasonal ARIMA models for quarterly earnings data 
results in needlessly complex models for nonseasonal firms. The use of seasonal differencing 
and/or seasonal parameters resulted in (1) overdifferencing of the data, (2) parameter 
redundancy, (3) violation of the principle of parsimony, and (4) reduced levels of predictive 
ability. 

Similarly, Li et al. (2022) argue that the seasonal earnings extrapolation measure is 
preferable to the prevailing ARIMA-type models for three reasons. First, the seasonal earnings 
extrapolation model only requires the five most recent realized quarterly earnings, making it 
much simpler than ARIMA models. Second, ARIMA models suffer from survivorship bias 
because they require a long history of earnings to achieve a stable parameter fit, which excludes 
many firms while the SRT model relaxes these data restrictions. Third, using an ARIMA model 
for all firms can lead to model misspecification. Moreover, Li et al. (2022) show that the SRT 
model is superior to prevailing ARIMA-type models (Foster, Griffin-Watts, Brown-Rozeff) and 
superior to analysts' forecasts. 
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Additionally, Pagach and Warr (2020) also compare an ARIMA models to the simple 
seasonal random walk (SRW) model and show that the SRW model is a simpler alternative to 
the ARIMA model because it requires only one year of past data and no parameter estimation. 
Although their ARIMA model generally dominates SRW, the simpler model is even considered 
a strong benchmark and highlights its competitive potential against more complex models, 
especially when data is limited. 

 

4.1. Predictive accuracy according to listing segment 
Table 4 shows the mean absolute percentage error (MAPE) divided according to the 

governance level as listed on the B3. We also performed the mean and variance equality tests 
between the estimations of the various listing segments. The variance equality test is indicated 
first, and when it was found significant, meanings that there is no variance stability between the 
quarters, a non-parametric test was used (Kruskal-Wallis χ2). If there was an indication of means 
with equal variance, the test of means between groups was used (ANOVA F). Results indicate 
that the differences among listing segments, although small in magnitude, are statistically 
significant for all estimation models. 

The results suggest that companies listed the traditional listing model, with a lower level 
of corporate governance, generally appeared to have the highest errors, while in Tier 1 and Tier 
2 markets, characterized by large companies with liquid share, have the lowest average errors. 
The “New Market” listing provides intermediate errors compared to the other two listing 
segments. This suggests that corporate governance affects earnings quality and, therefore, the 
ability to estimate earnings based on traditional models and past earnings. Specifically, previous 
literature finds that firms listed in the traditional market have low accounting quality compared 
to firms in other segments (Galdi et al., 2024; Miranda-Lopez & Tama-Sweet, 2024). 

 
Table 4 – Mean Absolute Percentage Error (MAPE) by Governance Level 

Governance Level Foster  
(F) 

Griffin-
Watts  
(GW) 

Brown-
Rozeff  
(BR) 

Seasonal 
Trend 

Extrapol.  
(STEX) 

Naïve  
Random 

Walk  
(NAÏVE) 

Seasonal 
Naïve 

Random 
Walk  

(SNAÏVE) 
New Market 0.853 0.872 0.835 0.636 0.586 0.602 
Tier 1 and 2 0.843 0.858 0.819 0.615 0.544 0.575 
Traditional Listing 0.872 0.871 0.850 0.692 0.625 0.642 
Bartlett's equal-
variances test 8.3*** 22.9*** 12.4*** 22.7*** 2.8 4.8*** 
ANOVA (F) or 

35.62*** 6.01*** 25.03*** 97.76*** 169.62*** 66.83*** 
Kruskal–Wallis (χ2) 

Source: Made by the authors based on data from Economatica® (2026). 

The requirements of the Brazilian levels of governance influence the information 
content on earnings (Miranda-Lopez & Tama-Sweet, 2024). Our findings indicate a relationship 
between accounting quality, earnings variability, and corporate governance in Brazil over the 
period from 1995 to 2025. Firms at lower levels of corporate governance (e.g. Traditional 
Listing) tend to present higher forecast errors, suggesting that earnings estimates are less 
informative to investors’ decision-making. In addition, lower earnings variability may indicate 
a higher reporting quality, which also influences earnings forecasts based on traditional models 
and past earnings. Therefore, our study contributes to the literature by presenting quarterly 
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earnings forecasts in an emerging country, extending previous research on the association 
between governance mechanisms and accounting quality. 

 

4.2. Predictive accuracy according to industry 
Table 5 shows the average errors according to each company's industry. It is possible to 

verify again that there are no major differences in conclusions regarding the accuracy of each 
model. However, when analyzing the specific model, it is possible to notice variations, in some 
cases quite significant, between the various industries. For example, it is possible to verify that 
the financial industry presents smaller average errors than other industries, suggesting that these 
companies have more stable and, therefore, more accurate profit estimates compared to 
mechanical forecasts or accounting-based forecasts. Another industry that stood out for a 
smaller average error is the healthcare and communications industry. 

Conversely, it is possible to observe that industries such as basic materials and non-
cyclical consumption generally have larger average errors. In the case of basic materials, the 
earnings are often affected by volatility of commodity prices, which reduces earnings 
persistence and difficult earnings estimation. Similarly, earnings in industries influenced by 
variation in consumer consumption are often affected by changes in economic environment, 
such as variation in inflation and interest rates, which are common in the Brazilian market. 

The difference in quarterly earnings forecast estimations among different industries was 
also documented by Lorek and Willinger (2007). They found that the predictive power of 
models is strongly dependent on context, given the differences in accuracy between partitions 
of the sample into high-technology, regulated and default firms’ sub-samples. Moreover, they 
show that further partitioning of the regulated sample into utilities and financial institutions 
provides additional predictive insights and underscores the contextual nature of predictive 
ability. 

 
Table 5 – Mean Absolute Percentage Error (MAPE) by Industry 

Industry Foster  
(F) 

Griffin-
Watts  
(GW) 

Brown-
Rozeff  
(BR) 

Seasonal 
Trend 

Extrapol.  
(STEX) 

Naïve  
Random 

Walk  
(NAÏVE) 

Seasonal 
Naïve 

Random 
Walk  

(SNAÏVE) 
Industrial goods 0.854 0.872 0.840 0.662 0.598 0.629 
Communications 0.901 0.893 0.840 0.589 0.542 0.536 
Cyclical consumption 0.860 0.867 0.847 0.671 0.626 0.641 
Non-cyclical consumption 0.870 0.880 0.861 0.710 0.660 0.662 
Financial 0.870 0.870 0.829 0.563 0.486 0.521 
Basic materials 0.845 0.862 0.831 0.721 0.640 0.692 
Oil, gas and biofuels 0.857 0.874 0.839 0.683 0.625 0.635 
Healthcare 0.841 0.849 0.805 0.562 0.527 0.513 
Information technology 0.818 0.872 0.811 0.692 0.618 0.651 
Public utilities 0.852 0.850 0.814 0.648 0.578 0.577 
Other 0.899 0.933 0.931 0.689 0.630 0.615 
Bartlett's equal-variances 
test 10.4*** 10.3*** 20.0*** 46.8*** 52.7*** 58.7*** 
ANOVA (F) or 

10.43*** 10.29*** 19.96*** 46.80*** 52.73*** 58.69*** 
Kruskal–Wallis (χ2) test 

Source: Made by the authors based on data from Economatica® (2026). 
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4.3. Discussion of the results 
Overall, this study showed that estimating quarterly accounting profits is not a simple 

process. It demonstrated that internationally recognized benchmark models are not entirely 
suitable for the Brazilian market, which is characterized by higher volatility, greater risk, greater 
price variation, higher interest rates, and greater uncertainty. In such environment, simple 
extrapolation or naïve models can perform even better than the traditional ARIMA models, 
supporting investors’ decision-making. 

Additionally, the paper shows that in-sample estimation accuracy varies significantly 
according to the contextual nature of earnings. First, the estimation itself in the Brazilian market 
provided lower accuracy, in average, compared to previous studies conducted in developed 
markets. Second, we show that accuracy varies according to the quarters, with the last (fourth) 
quarter being more subject to estimation error. Third, we find that macroeconomic crisis 
significantly affects estimated earnings, typically, periods of crisis, such as the international 
subprime financial crisis of 2008, the Brazilian political crisis from 2014 to 2015, and the 
COVID-19 crisis in 2020, are strongly related to higher forecast errors. Fourth, we document 
that the predictability is related to corporate governance listing segments, specifically, firms 
listed in traditional B3 marker display higher average errors compared to firms in higher levels 
of corporate governance, suggesting that governance plays a significant role in earnings quality 
and, consequently, in earnings estimation. Finally, we provide evidence that earnings forecast 
accuracy varies across industries, which suggests that industries more exposed to 
macroeconomic fluctuations have lower forecast accuracy. 

Although the results documented in this paper may be considered surprising due to the 
well acceptance and supposed superiority of the ARIMA models present in the literature, the 
results are in line with empirical findings in Lorek and Bathke (1984), Lorek and Willinger 
(2007), Pagach and Warr (2020) and Li et al. (2022), who have also documented the dominance 
of the random walk models over ARIMA-based models and argue that simple measures are 
preferable to the prevailing ARIMA-type models, as simple models only requires few recent 
realized quarterly earnings, making it much simpler than the ARIMA models which require 
long history of earnings to achieve a stable parameter fit, generating survivorship bias and 
excludes many firms. 

Additionally, using an ARIMA model for all firms in the sample can lead to model 
misspecification (Li et al., 2022). The results are also consistent with the evidence provided by 
Byun and Roland (2022) that that prior quarter earnings serve as an important benchmark that 
managers seek to achieve and that unexpected earnings over the prior quarter are related to 
future performance, providing additional evidence that the prior quarter earnings number is an 
informative benchmark. 

Therefore, there are similar and even stronger findings in recent literature indicating that 
simpler models (such as earnings extrapolation, naïve random walk, and naïve seasonal random 
walk) outperform more complex and "well-accepted" ARIMA models (Lorek & Willinger, 
2007; Li et al., 2022). We believe that this is a significant finding that highlights a shifting 
research view and an evolution in the field, especially to emerging economies, because, for 
decades, the ARIMA models have been considered the gold standard for statistical earnings 
forecasts. These recent studies now acknowledge that for many contemporary real-world 
applications, especially when forecasting noisy financial data or new-economy (high-
technology) firms, simpler models often hold their own or even surpass complex ones. The 
gains from adding complexity often do not necessarily translate into better earnings forecasts. 
Moreover, the recent rise of big data, machine learning, and a focus on parsimony and 
robustness in noisy financial data has led researchers to question the practical superiority of 
complex statistical models and the applicability to alternative approaches, simpler or more 
effective (Hezam et al., 2025; Nissim, 2022; Fischer et al., 2020). 
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Our results also contribute to the literature by providing additional evidence on the 
discussion on simplicity versus complexity trade-off in empirical research. First, more complex 
ARIMA models (such as Foster, Griffin-Watts, and Brown-Rozeff) have more parameters to 
estimate. If data series are not very long for each firm, or if the underlying earnings process is 
truly simpler, these models can overfit and overdifference the historical data and, leading to 
poor forecast accuracy (Lorek & Bathke, 1984). Second, as mentioned before, traditional 
ARIMA models require a long history of data to achieve stable parameter estimates. It is an 
issue for firms with shorter histories or lower data quality. Thus, simpler models that demand 
less data will often perform better. Third, simpler models may often be more consistent to 
structural breaks or shifts in the underlying earnings process that might destabilize the 
parameters of a more complex model. 

Several reasons can justify the findings in this paper. First, the simplest assumption that 
“the next quarter is approximately equal to the last quarter” (or last year’s same quarter) already 
captures most of the predictable time-series structure. Second, noise on earnings is relevant at 
firm level because earnings have idiosyncratic shocks, accruals, special items, among others. 
Adding parameters (AR terms, MA terms, seasonal dummies) risks overfitting noise rather than 
improving forecast accuracy. Third, in most firm-level applications, quarterly earnings series 
are not long (a range of 20 to 40 years corresponds to 80 to 160 observations). In addition, 
sophisticated ARIMA-style models are hard to estimate reliably with such limited data, making 
a random walk model more effective at lower effort. 

Finally, firms evolve their business models, accounting standards, and mergers. 
Therefore, complex models estimated on old data can be mis-specified and simple models may 
adapt better. However, future analysis should also investigate why these simpler models 
perform better in specific contexts (e.g., the Brazilian market and different types of firms in the 
sample). It should be noted that while we note some additional conditions (financial crisis, 
earnings volatility, corporate governance listing segments and industry/sector) our analysis is 
not extensive. 

 
4. LIMITATIONS AND FUTURE POTENTIAL EXTENSIONS 

The definition of research design presents some tradeoffs. Performing earnings forecast 
on a firm-specific basis is achieved at the cost of sample-size reduction due to time length 
requirements (Baginski et al., 2003). While some papers, such as Baginski et al. (2003), 
required 35 years of quarterly data for estimation of consistent persistence parameters, we are 
not even able to impose such restrictions due to two reasons. First, even considering the entire 
Real Plan period, we would not have 30 complete years. Second, if we consider data during the 
entire Real Plan period, we will have less than a dozen firms available, which is completely 
contrary to the argument of this paper that we should seek comprehensive forecasting tools. 
Therefore, the parameter estimates in this paper may not be strongly consistent due to the lack 
of time-series data. 

Given the methodology presented in Section 3, we provide 358 firm-specific estimations 
(26,092 firm-quarter estimations) for the six forecast models analyzed, and an aggregate 
measure of the accuracy and the mean absolute percentage error (MAPE). While we tried to be 
comprehensive in terms of sample, time length and models, we did not analyze the firm-specific 
parameter estimation to determine the specific time-series approach for a given firm. This 
limitation includes the non-use of Akaike information criterion (AIC) and the Bayesian 
information criterion (BIC) to indicate the preferred model, as it balances the model fit and 
parsimony. Similarly, we did not apply firm-specific residuals analysis to ensure they are "white 
noise" (not correlated) and follow a normal distribution. Furthermore, these statistics vary firm-
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by-firm, and they only reinforce the additional complexity of ARIMA models compared to 
simple extrapolation and naïve models in terms of forecast accuracy. 

As indicated in Section 2.2, although its relevance, ARIMA models are subjective to 
criticism, because they were developed on samples of "old economy" firms, and may not be 
suitable for today's market, which includes a greater number of high-technology tools (Lorek, 
2014), especially machine learning and big data analysis (see Chen et al., 2022; Nissim, 2022; 
and VanBinsbergen et al., 2023). Alternative approaches may include Machine Learning 
Models and various neural networks. These models can handle non-linear relationships, missing 
data, and multiple external variables more effectively than ARIMA, with the cost of being more 
complex and harder to interpret (“black box”). 

Alternatively, the literature has also suggested hybrid model approaches that combine 
the strengths of different methodologies, such as ARIMA, to capture the linear, time-series 
component of earnings and machine learning or regression models, that capture the effects of 
external factors (Hezam et al, 2025). Finally, more recent literature has also moved towards 
disaggregated accrual regression models which break earnings down into their cash flow and 
accrual components, providing a more detailed and potentially more accurate forecast (Lorek, 
2014). Therefore, as presented in this paper, while naïve models or classic ARIMA models 
might serve as a good starting point and can be surprisingly effective for some firms, they are 
insufficient to identify the "best empirical approach" for the Brazilian capital market 
environment (e.g. high volatility and low analyst coverage). 

Although the statistical (or accounting-based) forecast models can be useful to 
academics and investors as substitutes for the lack of analyst forecasts, the results should be 
viewed with caution. As Pagach and Warr (2020) highlight, while these models generate 
quarterly earnings forecasts, they may not provide a reasonable representation of earnings 
expectations by markets agents, as required in market-based accounting studies. However, these 
models still offer valuable insights, particularly in emerging economies with a lack of analyst 
coverage. Therefore, they can be adopted as a complementary tool for investors’ decision-
making. 

 

5. CONCLUSION 
This paper analyzed alternative quarterly earnings forecast estimation in the Brazilian 

market, by using an extensive sample of 358 listed firms using quarterly data. We provided 
firm-specific time-series estimates using well accepted, dominant and relatively parsimonious 
premier ARIMA models based on Foster (1977), Griffin (1977) and Watts (1975), Brown and 
Rozeff (1979), and on simple earning extrapolation and naïve random walk approaches. 

We find that simple benchmark models (naïve RW, seasonal RW, extrapolation) 
outperform more complex ARIMA-based models. Specifically, the premier ARIMA models 
are not entirely suitable for the Brazilian market, which is characterized by higher volatility, 
greater risk, greater price variation, higher interest rates, and greater uncertainty. In this 
environment, simple extrapolation or naïve models can perform even better than the traditional 
ARIMA models. Although surprising, the results are strongly supported by previous literature, 
especially more recent ones. 

The paper also shows that in-sample estimation accuracy varies significantly according 
to the contextual nature of earnings. First, the estimation itself in the Brazilian market provided 
lower accuracy, in average, compared to previous studies conducted in developed markets. 
Second, we show that accuracy varies according to the quarters, with the last (fourth) quarter 
being more subject to estimation error. Third, we find that macroeconomic crisis significantly 
affects the estimated earnings, typically, in periods of crisis, such as the international subprime 
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financial crisis of 2008, the Brazilian political crisis of 2014 and 2015, and the COVID-19 crisis 
in 2020, are strongly related to higher forecast errors. 

Fourth, we document that the predictability is related to corporate governance listing 
segments, specifically, firms listed in the Traditional level of governance present higher average 
errors compared to firms in higher levels of corporate governance, suggesting that governance 
plays a significant role in earnings quality and, consequently, in earnings estimation. Finally, 
we provide evidence that earnings forecast accuracy varies according to industry, suggesting 
that industries more exposed to macroeconomic fluctuations have lower forecast accuracy. 
Therefore, the findings in this study may be used to improve overall forecasting, specially in 
emerging markets with a lack of analysts’ coverage (e.g. Brazil), supporting investors’ decision-
making and academics of accounting-based market research. Future research can examine in 
which situations more complex models based on machine learning can provide beneficial 
information considering the cost e complexity to produce earnings estimations in the Brazilian 
context and other countries. 
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