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Abstract. Small and medium businesses in Ecuador contribute greatly to the gen-

eration of employment and important contributions to the economy in general of 

the country. The objective of the following investigation is the application of su-

pervised algorithms for the prediction of sales in a small business minimarket 

located in the province of Santo Domingo de Los Tsáchilas. 

The research methodology follows a predictive quantitative approach, through 

the use of ARIMA time series, with a non-experimental and cross-sectional de-

sign, having as available information 1,825 sales dynamics that left the business 

during the years 2018 to 2022, obtaining a financial sample of 60 observations. 

The partial results allow to visualize a non-stationary time series with seasonality 

and became stationary with a difference of moving means. The final predictive 

model was an ARIMA (0,1,0) (1,0,1). 

As a general conclusion of this investigation, it was obtained that the sales fore-

casts in the small business are simultaneous in the timeline, evidencing season-

ality and a sales growth trend of more than 3%. 
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1 Introduction 

Nowadays, Artificial Intelligence methods used in forecasting accuracy are higher ex-

cept for irregular series. Traditional supervised ARIMA methods were found to be more 
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accurate in forecasting financial variables, unlike CNN (Convolutional Neural Net-

works), LSTM (Long Short-Term Memory), and MLP (Multilayer Perceptron) ma-

chine learning models [1]. It has been observed that the supervised model that performs 

best with different data sets is the Random Forest [2]. 

The autoregressive integrated moving average model (ARIMA) has a stochastic 

characteristic that differs from an autoregressive conditional heteroskedasticity 

(ARCH) model. For the first model case, it is required that the analyzed series be sta-

tionary (that complies with constant mean and variance and the existence of covariance 

between periods, but that the latter approaches) [3]. 

The theoretical usefulness of ARIMA models in modeling historical sales series is 

novel and essential in the business field; anticipating the future is the desire of any 

businessman that, combined with empirical knowledge, strengthens economic and fi-

nancial science [4].  

The scientific literature on supervised and unsupervised algorithms has been used 

extensively in recent years. The prediction of patterns as accurately as possible pro-

posed by [5], able to predict future behaviors, semi-supervised as a middle ground be-

tween supervised and unsupervised learning [6], approaching patterns of historical data 

events that impact forecasts of financial and non-financial variables, [7]. 

Supervised or semi-supervised models are more efficient to have the best accuracy 

in categorizing documents set [8], thus in the prediction of financial variables [9]. In 

this sense, semi-supervised models would become more valuable than unsupervised 

models for theory-based text analysis [10]. Machine learning is a powerful branch of 

AI that has been successfully used in several industries, such as manufacturing [2]. 

Even though it is evident that the use of algorithmic methods can improve the quality 

of systems and processes, an adequate monitoring process is still needed to validate the 

implementation of these technologies [11]. With the aim of having parameters and as-

sumptions for a reliable supervised econometric model for predictions, [12] have ana-

lyzed the traditional and non-traditional fruit exports over time for Ecuador. 

The framework of the prediction, the supervised models with the ARIMA time series 

algorithm, generates an optimistic trend to forecast financial variables in the future [13]. 

The Dickey-Fuller unit root test is used to determine the stationarity for the residuals 

of the ARIMA model due that the series of the null hypothesis has a unit root is rejected 

and concluded that it is a stationary series because it shows a probability of less than 

5% [14]. In the health sector, the best outcome of predicted Ebola victims is a Random 

Tree Classifier, with a mean absolute error (MAE) score of 7.85%, a root mean squared 

error (RMSE) value of 61.14% and a directional accuracy of 85.99% [15]. 

The conjecture underlying most semi-supervised learning algorithms is closely re-

lated to each other and how they relate to the well-known assumption of semi-super-

vised clustering [16]. RStudio software can work with supervised and unsupervised 

algorithms, and its capabilities are equal to or better than those provided in many end-

user software applications, [17] and [18]. The supervised or semi-supervised algorithm 

uses statistical techniques in a new mode, leading to an exhaustive applicable algorithm 

[19]. 

The semi-supervised method estimates forecasts more effectively, showing signifi-

cant improvement in prediction accuracy compared to traditional methods [20]. 
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According to the technique of supervised methods for a time series model, the outcomes 

presented by [21] show that the implemented model exceeds the existing models in 

terms of qualitative parameters such as mean squared error (MSE), causing efficiency 

in the predictions of Ecuadorian incomes. 

Several studies show that individual models are still appropriate for forecasting. 

However, the best performance comes from composite models like Conv-LSTM-MLP, 

[22], Sarima model ARIMA (2, 1, 0) ×ARIMA (1, 1, 0), created through a supervised 

technique, where the upward trend in the fit is highlighted, with a relative mistake of 

around 2%, which is close to optimal [14]. [23] realize essential contributions with the 

application of three supervised learning algorithms in the prediction of sales of Ecua-

dorian shrimp, [24] highlighted the usefulness of temporary models for APPLE share 

price prediction, being the more significant market capitalization and where textual in-

formation also improved the level of share price prediction. 

In brief, from the review analysis of several articles, the Decision Tree, Support Vec-

tor Machine, and Bayes Algorithms are the most cited, discussed, and applied super-

vised techniques. On the other hand, K-Medias, Hierarchical Clustering, and Principal 

Component Analysis also emerged as the most often used unsupervised techniques 

[25]. Extreme Learning Machines (ELM) are efficient and effective learning mecha-

nisms for the classification and regression of patterns. However, ELM is mainly applied 

to supervised learning problems [26]. 

Various articles have studied Ecuadorian SMEs and how to apply the prediction of 

relevant variables through ARIMA models. Thus, [27] predicted the demand for flow-

ers in a macro way and for a particular company, reaching the conclusion that the 

Bayesian network is the model with the least error. [28] carried out a case study on an 

Ecuadorian textile company, comparing different Machine Learning techniques, deter-

mining that neural networks have the best performance. [29] applied neural networks 

to a water bottling company, determining that they are feasible for forecasting the de-

mand for bottled water. 

The other sections of this article are organized as follows: in the second section are 

the objetives; in the third, the methodology; the results in the fourth section; in the fifth, 

the conclusions and the last section are the references. 

2 Objective 

According to [30], minimarkets are self-service stores dedicated to selling mass con-

sumer products, offering as advantages their convenience, variety of products and prox-

imity to customers. In Ecuador, a high percentage of microenterprises are predominant, 

a hugely important part of them as a business. Our research aims to apply supervised 

algorithms to predict sales for 2023 and 2024 of a small local business, a minimarket 

located in Santo Domingo de Los Tsáchilas province in Ecuador.  

The use of ARIMA models in small businesses is quite important because it allows 

predicting variables of interest such as sales, so that the entrepreneur can plan his fi-

nancial management more efficiently and avoid incurring redundant costs. [12] and [13] 



4 

have used this methodology to generate forecasts, obtaining good results in terms of 

precision. 

Data from a single micromarket was used because it was the data available. In general, 

companies and even more so SMEs do not share sales data because they are considered 

a sensitive variable within management. Some articles have used the analysis of a com-

pany to predict the relevant variables, [27] and [28]. 

The importance of this article lies in the fact that it is one of the first articles in Ecuador 

that tries to predict the sales of a commercial company, since to our knowledge, other 

articles have dealt with the agricultural sector [27] or the manufacturing sector, [28] 

and [ 29]. The commercial sector has its particularities from the point of view of man-

agement and does not behave in the same way as other economic sectors. 

3 Methodology 

3.1 Methodology and data subsection 

This research used an exploratory quantitative, confirmatory and predictive approach. 

ARIMA time series has allowed the prediction of sales levels until 2024. The data was 

collected from the beginning of 2018 until the end of 2022 for a total of 1825 sales 

dynamics that were then grouped every month, with a sample of 60 observations. 

The hypothesis of the ARIMA models is that the series can be adjusted to an auto-

regressive, integrated and moving average scheme, so that the time series becomes sta-

tionary, and is explained by the lags of the variable of interest and by the error. in re-

gression. To determine which is the best model, information loss criteria such as Akaike 

or Bayesian are used.  

The retail industry in Ecuador is very fragmented, where large commercial chains co-

exist with micromarkets, which are often self-starters. By 2023, sales are expected to 

grow compared to the previous year after having left the Covid-19 pandemic behind. It 

is the sector of the economy with the largest number of employees [31]. 

 

3.2 Statistical analysis 

The statistical and predictive process was realized through RStudio software; the first 

step was to conduct an exploratory analysis of quantitative sales data, with the purpose 

of determining the average and the standard deviation from 2018 to 2020, for the para-

metric hypothesis, [32]; and the time series ARIMA in financial or econometric pro-

cess, [33]. 

Through this process, the normality test was executed using the Shapiro Wilk test 

because there are 12 sales data or each year, and by default, a normality test should be 

applied for small samples, in accordance with the criteria of [34]. 

Consequently, the sales variable was transformed to a time series in months, in which 

it was noticed that it was a non-stationary event and applying the Dickey-Fuller test to 

a difference, it was made stationary, i.e., achieved that the mean and variance are con-

stant, [4]. In the framework of the time series for sales, a forecast of the data was made 
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and contrasted with the actual data, having a similar behavior of sales as a function of 

time. 

In RStudio’s algorithm for the ARIMA model, the Auto Arima function was used. 

By default, the model was selected in a series of combinations adjusted to the Akaike 

(AIC) and Bayes criteria (BIC) and with the maximum likelihood technique because 

the past data help forecast the future [35]. Having obtained the best model, sales fore-

casts were made. In addition, the Ljung Box test must guarantee the independence of 

the residuals of the ARIMA predictive model [36]. 

4 Results 

Table 1 shows the sales achieved by the minimarket, registered monthly for 2018 until 

2022. Beginning with an exploratory data analysis to determine the average, standard 

deviation, minimum, maximum, summation, and sequentially the normal distribution 

of the data, with the idea of applying the best time series technique. 

For 2018, the minimarket presented an average of $ 29497.79 with a standard devi-

ation of $ 6977.34, demonstrating a low data variability. In the year 2019 showed an 

average of 22696.49 with a variation of $ 3065.77; where there is a minimum standard 

deviation, it means that for this year, sales are normalized. 

The sales for the year 2020 registered an average of $ 16,012.48 and a dispersion of 

$ 6,032.08, and this high variance is due to the effect of the pandemic on the consumer 

that sometimes had to buy most of their food for a month to avoid infected by COVID-

19. Throughout 2021 sales at the minimarket followed a decrease, representing an av-

erage of $ 14560.62 and a standard deviation of $ 1469.97; with low variability, the 

data is normal distributed. 

In 2022, sales increased with an average of $ 17917.28 and a standard deviation of 

$ 4,175.99. This increase is probably because the people of Santo Domingo de Los 

Tsáchilas are recovering from the economic crisis generated by COVID-19. 

The normal distribution for sales is confirmed through the Shapiro-Wilk test of nor-

mality. Table 1 shows the normality for each study period, exceeding the 5% signifi-

cance of the probabilistic value. 

The nature of this normality test is that the number of cases is small for each year. 

Although in the year 2020 sales presented irregular movements, i.e., with high and low 

sales, this phenomenon is attributed to COVID-19, which caused atypical conditions 

for consumers and suppliers fear of getting sick when making a buying or selling trans-

action. 

Table 1. Financial dynamics for sales of Minimarket. 

Months Sales/2018 Sales/2019 Sales/2020  Sales/2021 Sales/2022 

1 20 646,57 21 451,40 23 328,26 12 307,10 15 516,02 

2 16 651,20 16 179,18 21 934,28 12 632,34 14 873,69 

3 25 657,77 18 187,22 22 206,05 14 051,76 14 559,89 

4 250 94,63 24 984,24 6 835,23 13 348,18 17 901,47 
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5 32 197,14 22 382,10 7 270,00 14 414,36 15 585,72 

6 32 910,42 27 322,02 6 698,33 14 343,94 11 419,37 

7 39 105,13 23 852,12 18 460,54 15 128,27 18 342,48 

8 36 885,48 24 282,91 19 377,17 15 020,16 17 908,62 

9 38 836,86 24 804,77 18 164,42 15 495,45 17 885,34 

10 29 477,23 23 396,77 16 500,77 17 128,15 20 585,53 

11 27 284,36 21 433,46 14 365,23 16 783,09 23 789,08 

12 29 226,65 24 081,67 17 009,50 14 074,60 26 640,10 

Total 353 973,44 272 357,88 192 149,77 174 727,41 215 007,31 

Average 29 497,79 22 696,49 16 012,48 14 560,62 17 917,28 

 

Standard 

deviation  

6 977,34 3 065,77 6 032,08 1 469,97 4 175,99 

Shapiro-

Wilk 
0,839 0,317 0,067 0,823 0,458 

 

As highlighted by the results presented above, the normality for sales, the ARIMA 

model is the right one to forecast the financial future of small businesses in Santo Do-

mingo. 

Figure 1 shows the behavior of the observed values of sales for the period from 2018 

to 2022, showing that during 2018 the highest sales were reported and causing a slight 

decrease for 2019, while the worst scenario was visualized for 2020. The COVID-19 

pandemic most likely caused this high decline in sales. After that, sales have had min-

imal growth until the end of 2022. 

Afterward, a figure is made between the predicted values (see Fig. 1), clarifying that 

these events have a similar behavior from 2018 to 2022, as they have simultaneous 

behaviors with the observed values. This growth is evident from the latest data and the 

data from the recent past that impact the coefficients of the ARIMA model. This be-

havior of the data allows to see the creation of an ARIMA model or, on the other hand, 

the generation of a seasonal autoregressive integrated moving average model 

(SARIMA) by witnessing a behavior of events that repeat at a specific date, known as 

seasonality. 

As for the financial variable sales (see Tab. 2), it is considered that this time series 

for a financial prediction calculation presents properties of stationarity, whose behavior 

defines the time variable with constant mean and variance, and in turn, this process is 

achieved with the Dickey-Fuller test. 
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Fig. 1. Dynamics of observed and expected sales. 

Table 2. Dickey-Fuller test for sales. 

Test de Dickey-Fuller 

Variable  DF Delay p-value 

Sales (times series) -2,2439 3 0,4762 

Sales (1 difference) -4,2512 3 0,0100 

 

In this way, in the beginning, temporary sales present a non-stationary event 

(p<0.05); with a mean and variance that are not constant, and, by default, this series is 

not advisable for forecasting. Therefore, applying a unit root of the Dickey-Fuller test 

was necessary to generate stationary sales through a difference in the moving average 

(p<0.05). In this same setting, when presenting this condition, the sales present a trend 

and, in the same way, integrate the seasonality, producing a model of integration of 

order 1 (I=1). 

 

Fig. 2. Stationary series of sales, by a difference of moving average. 
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In Figure 2, it is evident that the sales follow a stationary process, and this was 

achieved through a moving average difference (1 difference = I), with the Dickey-Fuller 

test shown in Table 2. Thus, predictions can be made with higher reliability by having 

a constant average and variance. Moreover, in the same way, data from the recent past 

contributes more to the future. In the same way, parametric prediction model is used, 

as in this case is the Box-Jenkins model applying the ARIMA model. 

Later, a figure is made between the observed and forecasting values, making it clear 

that these events have a similar behavior from 2018 to 2022. By having simultaneous 

behaviors, growth is evidenced from the year 2020, and the recent past data impacts the 

coefficients of the ARIMA model, generating the seasonality, AR order (1), and MA 

order (1). Therefore, this also leads to forming a SARIMA model (0,1,0) (1,0,1). 

 

 

Fig. 3. Sales Iterations for ARIMA Simulation. 

Regarding generating ARIMA models (see Fig. 3), the RStudio programming pack-

age gives countless financial simulations with the self-modeling function. In this way, 

it generated 25 iterations for sales through the autoregressive moving average model 

(ARIMA), with and without derivatives. In this stage, the simulations that generate 

higher reliability are those that have derived processes and, by default, show the lowest 

information criterion (Inf=1126,272), which represents the model ARIMA (0,1,0) 

(1,0,1).  

It can be deduced that small businesses have seasonal behavior and light growth that 

can be said for all financial variables to realize forecasts. In this way, the SARIMA 

simulation is similar to the same properties of an ARIMA due to its autocorrelation, 

arithmetic average, seasonality component, and sometimes trend component when per-

forming the stationary series [3]. In the coefficients frame, (see Fig. 4), autoregressive 

stationarity (SAR=-0.8828) was formed, with an intense change for the average sales 

(SMA=0.7710) and with the presence of stationarity. 
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Fig. 4. Sales coefficients for the ARIMA simulation (0,1,0) (1,0,1). 

 

In the coefficients frame, (see Fig. 4), autoregressive stationarity (SAR=-0.8828) 

was formed, with an intense change for the average sales (SMA=0.7710) and with the 

presence of stationarity. 

In the same line, the predictive model SARIMA (0,1,0) (1,0,1), through maximum 

likelihood test, showed an AIC=1155.35; AICc=1155.79 and BIC=1161.58). These co-

efficients and model reliability tests confirm that the parametric Box-Jenkins models 

make trust forecasts for small businesses while showing that these businesses show 

seasonality, i.e., sales cause optimistic or pessimistic scenarios in a specific period. 

Following the reliability of the ARIMA model (0,1,0) (1,0,1), figure 5 shows the 

graphical representation of the residuals. The graph of the residuals shows few disper-

sions; In the same way, the simple autoregressive graph (PCA), whose bars are below 

the upper and lower bands, deducts the normality of the data. On the other hand, the 

histogram graph shows the highest concentration of data around zero, although some 

outliers can be seen. 

 

Fig. 5. Residuals test for model errors. 
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Posteriorly, the Kolmogorov-Smirnov normality test was applied for the errors of 

the ARIMA model (0,1,0) (1,0,1), confirming the hypothesis the null hypothesis is not 

rejected, that the residuals follow a normal distribution. 

The Ljung Box test represents a stage of no autocorrelation of the residuals (p>0.05); 

they are random walk behavior for the time series model for sales (see Tab. 3). In other 

words, the residuals are independent for each sale, with zero mean and constant vari-

ance.  

Table 3. Ljung Box test for forecasts of the ARIMA model (0,1,0) (1,0,1). 

Ljung-Box test 

Model residuals Q df p-value 

ARIMA (0,1,0) (1,0,1) 7,1544 10 0,7108 

 

The prediction generated monthly by the SARIMA model (0,1,0) (1,0,1) from 2023 

to the end of 2024 for the sales of a minimarket. Figure 6 shows a positive variability 

of the average sales of the minimarket. For the prediction case, at 80% reliability for 

the financial variable sales, at the beginning of January 2023, we have an average of $ 

25561.23 with a lower limit of $ 20250.687 for a pessimistic scenario and an upper 

limit of $ 30871.77 for an optimistic scenario. 

 

Fig. 6. Sales forecasts for the ARIMA model (0,1,0) (1,0,1). 

In the same way, (see Fig. 7), about the monthly forecasts for the year 2024, shows 

an average of $ 26402.63 with a lower confidence interval of $ 1874.838 and an upper 

confidence interval of $ 50930.43. Besides, if we evaluate the impact of the variation 

in sales between January 2023 and December 2024, we have a growth rate of 3.19%. 

The results obtained allow us to predict an average sales growth above 3 percent, 

although they are below the latest estimates [31]. This is because micromarkets do not 

have the same ability to sell as large stores that can give discounts, give credit and other 

commercial strategies that encourage sales. The methodology used has been tested by 

[27] and [28], comparing the ARIMA method with other Machine Learning techniques, 
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but in other sectors. The results of the ARIMA model do not differ excessively from 

those obtained with other prediction techniques.  

This is one of the first articles used to predict sales of small businesses and the 

ARIMA methodology is justified by its temporal development, making it a highly con-

trasted methodology, and the most administrative-economic of the managers of com-

mercial companies, compared to the high knowledge of statistics and computer science 

that other Machine Learning methods imply. The end of this article is to demonstrate 

that through relatively simple techniques, managers of any business can predict the 

sales of their businesses. 

Given the current predictions, it will help managers make decisions in favor of other 

financial variables such as increasing inventory, increasing financial debt in banks, ad-

justing accounts receivable, or incorporating or improving market strategies to over-

come the estimated situation. 

If the company correctly predicts sales, it can carry out consistent financial planning 

and develop business models that are more adjusted to fluctuating demand, that is, it 

can optimize its business model, not run out of inventory and increase sales based on 

new sales policies. credit adjusted to the customer's credit score. 

 

Fig. 7. Sales forecasts for the minimarket store. 

5 Conclusions 

In this paper, we have sought to predict sales for the years 2023 and 2024 in small local 

businesses through time series in Ecuador, choosing like the study case 1,825 sales 

generated by a minimarket in the Santo Domingo de Los Tsáchilas province of Ecuador 

during the years 2018 to 2022. 

It has been obtained as a result that the predictive sales of small businesses are sim-

ultaneous in the timeline, evidencing seasonality and a slight growth trend in sales, 

throwing a predictive ARIMA model (0,1,0) (1,0,1). This model has been chosen using 
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goodness-of-fit coefficients which has generated acceptable reliability for sales predic-

tions. 

The results of the present study may be applied as a reference for those personal 

businesses engaged in commerce, considering strategies to improve income, and the 

model applied is an innovative contribution to small Ecuadorian businesses, which are 

predominant in the country's economy. 

For future research, we expect to extend the model with more data and compare it 

with similar companies to improve the prediction of sales in this type of business. On 

the other hand, it is interesting to add, besides sales, the movement of other financial 

accounts, which would allow modeling a complete system in terms of predicting the 

financial situation of small Ecuadorian businesses. 
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