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Resumen 

El objetivo de este artículo es analizar el comportamiento histórico de la matrícula estudiantil en 

un bachillerato tecnológico de Ciudad Juárez, Chihuahua, con la finalidad de estimar la demanda 

futura. El propósito es determinar la capacidad requerida de infraestructura en la institución en lo 

referente a aulas y personal docente, y calcular las proporciones alumnos-maestro y alumnos-aula 

para compararlos con las proporciones medias internacionales y de México. Esto se debe a que, 

en los inicios de los ciclos escolares, se suelen presentar situaciones de falta de capacidad para 

atender al alumnado en tiempo, por lo que se tuvo que improvisar en la adecuación de las 

instalaciones y personal docente. Para este estudio, se revisaron diferentes métodos de 
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pronósticos cuantitativos; a partir de esto, y de acuerdo con el comportamiento histórico de los 

datos, se utilizó el que más se apegaba a dicho comportamiento. En concreto, se colectaron datos 

de 15 periodos lectivos disponibles desde su inauguración. El tratamiento de los datos inició con 

pruebas de normalidad con el objetivo de establecer el estadístico que se utilizó. Una vez 

utilizado el modelo de pronósticos apropiado, se validó con 5 periodos para comprobar si los 

pronósticos calculados se apegan a los datos reales que se presentaron del periodo 16 al 20; 

asimismo, se realizaron las pruebas de hipótesis estadísticas para validación del modelo utilizado. 

Además, se efectuaron pruebas con diferentes factores de suavización de nivel y tendencia, y se 

empleó el que mostró el menor error por periodo, el cual varió desde 0.21 % a 8.88 %. Las 

proporciones alumnos-maestro y alumnos-aula encontradas fueron de 36 y 38, respectivamente.  

Palabras clave: pronóstico, infraestructura, demanda escolar, suavizamiento exponencial, 

estadística paramétrica. 

 

Abstract 

The objective of this paper is to analyze the historical behavior of student enrollment in a 

technological high mid-level school, in Ciudad Juárez, Chihuahua, in order to estimate future 

demand, to identify the required infrastructure capacity in the institution, in terms of classrooms 

and teaching staff and calculate the student-teacher and student-classroom ratios and compare 

them with the international and Mexican average ratios. This is due to the fact that at the 

beginning of the school cycles, there were situations of lack of capacity to serve the students on 

time, having to improvise in the adequacy of the facilities and teaching staff. Different methods 

of quantitative forecasts were reviewed that, according to the historical behavior of the data, the 

one that most closely adheres to mentioned behavior was used. Data from 15 school periods 

available since its inauguration were collected. Data treatment begins with normality tests in 

order to establish the statistic that was used. Once the appropriate forecast model was used, it was 

validated with 5 periods to check if the calculated forecasts adhered to the real data that was 

presented from period 16 to 20, likewise, the statistical hypothesis tests were carried out for 

validation of the models used. Tests were performed with different level and trend smoothing 

factors, using the one that showed the lowest error per period, which ranged from 0.21% to 

8.88%. The ratios student-teacher and student-class found were 36 and 38 respectively. 

Keywords: Forecasting, infrastructure, school demand, exponential smoothing, parametric 

statistics. 
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Resumo 

O objetivo deste artigo é analisar o comportamento histórico da matrícula de alunos em uma 

escola secundária tecnológica em Ciudad Juárez, Chihuahua, a fim de estimar a demanda futura. 

O objetivo é determinar a capacidade de infraestrutura necessária na instituição em termos de 

salas de aula e pessoal docente, e calcular as proporções aluno-professor e aluno-sala de aula para 

compará-las com as proporções médias internacionais e mexicanas. Isto porque, no início dos 

ciclos escolares, costumam surgir situações de falta de capacidade para atender os alunos 

atempadamente, razão pela qual foi necessário improvisar na adaptação das instalações e do 

corpo docente. Para este estudo, foram revisados diferentes métodos de previsão quantitativa; A 

partir disso, e de acordo com o comportamento histórico dos dados, foi utilizado aquele que mais 

aderiu a esse comportamento. Especificamente, foram coletados dados de 15 períodos letivos 

disponíveis desde a sua inauguração. O tratamento dos dados iniciou-se com testes de 

normalidade para estabelecer as estatísticas utilizadas. Uma vez utilizado o modelo de previsão 

adequado, foi validado com 5 períodos para verificar se as previsões calculadas estão de acordo 

com os dados reais que foram apresentados do período 16 ao 20; Da mesma forma, foram 

realizados testes de hipóteses estatísticas para validar o modelo utilizado. Além disso, foram 

realizados testes com diferentes níveis e fatores de suavização de tendência, sendo utilizado 

aquele que apresentou menor erro por período, que variou de 0,21% a 8,88%. As proporções 

aluno-professor e aluno-sala encontradas foram de 36 e 38, respectivamente. 

Palavras-chave: previsão, infraestrutura, demanda escolar, suavização exponencial, estatística 

paramétrica. 
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Introduction 

Education plays a very important role in the acquisition of knowledge, which has an 

impact on changing thinking and improving social conditions. This is especially evident in upper 

secondary education, since it is the educational period that prepares the student to decide their 

academic future towards the bachelor's level or to enter the workplace with a technical career. 

Likewise, it constitutes the stage in which young students begin to understand the social, 

economic, educational and political behavior of the environment in which they operate. 

However, an important aspect to consider within the city environment is the insecurity 

that has prevailed during the last 15 years. Therefore, it is relevant to provide young people with 
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the necessary spaces so that their studies after secondary education are not cut short, which 

includes addressing infrastructure needs in accordance with historical demand. 

In this regard, Pacheco-Martínez (2021) highlights that the physical educational 

infrastructure must be taken into account to promote the development of students in a quality 

environment. For its part, according to the Organization for Economic Cooperation and 

Development (OECD) (2021), the teacher-student ratio for the secondary level has an average of 

13 students per teacher, while in Mexico the ratio is 28 students per teacher. Regarding class size 

- that is, the number of students per classroom - in Mexico there are 27 students, while the OECD 

average (2021) is 23. Furthermore, in the private education sector, the ratio is 14 students per 

teacher. 

According to the General Directorate of Planning, Programming and Educational 

Statistics (DGPPEE) of the Ministry of Public Education (SEP) (2022), in the state of Chihuahua 

there are 6 schools of the same type as the institution under study, of which 5 of them are located 

in Cd. Juárez, Chihuahua. Due to the above, it is important to forecast student demand interested 

in this type of education to increase enrollment capacity, since in a city with 141 secondary 

education schools that have 79,835 students, it is critical to plan the capacity of high school 

educational institutions, especially in technological high schools, which are scarce in the city. 

Now, the institution in which this research is carried out is part of a government program 

that seeks to facilitate access to education, both at the secondary and higher levels. This 

institution is located in the south of the city, in an area characterized by poor mobility and little in 

terms of transportation systems. Furthermore, it belongs to a sector of the city with high 

demographic growth, considered low-income and vulnerable. For this reason, the program was 

designed with the purpose of serving the student segment residing in this area, bringing the 

institutions closer to the students and avoiding mobility and possible desertion due to the 

remoteness of the facilities in the urban area. 

In his analysis of the growth of enrollment and teaching staff in Mexico in high school 

(from the 1963-1964 cycle to 2011-2012), Olvera (2013) points out that the former has increased 

30.9 times, while the latter has only grown 17.2 times. This shows a disproportion in the capacity 

necessary to meet the demand in terms of quality in attention to students. It should be noted that, 

according to INEGI (2023 a, 2023b), the increase in enrollment continues in similar proportions 

today, with increases of 19.5% and 8.1%, respectively. In other words, the difference between the 

ratio of students and teaching staff is approximately 55%, with a decrease due to the Covid-19 

pandemic. 
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On the other hand, being a public sector educational institution, it is crucial to plan how to 

cover the needs required to provide quality care to high school students in the aforementioned 

sector. The process of hiring teaching staff is lengthy, since the authorization of resources 

depends on the annual budget authorized for the SEP. 

In this regard, Armstrong and Kotler (2013) maintain that companies must first decide 

which customers they are going to serve, since customer satisfaction depends on perceived 

performance in relation to their expectations. Likewise, they consider demographic segmentation, 

which can range from the country, state, municipality, city and even neighborhoods. Another 

aspect that they define is segmentation by benefits, where they classify it according to the 

different benefits that customers seek to obtain. In this case, the company would be the 

educational authority, and the clients would be the students to be served. 

In short, and following the perspective of Kotler and Keller (2011), who indicate that in 

the pattern of homogeneous preferences of market segmentation all consumers have the same 

preference and there are no natural segments, this research focuses on considering the behavior 

demand history. 

 

Theoretical framework 

The application of statistical forecasting models to estimate future demand in the 

institution under study has not been fully addressed. For example, similar studies have been 

carried out, such as the case of Tarango-Hernández et al. (2019), who carried out research at the 

Language Center of the National Technology of Mexico (Technological Institute of Ciudad 

Juárez), with the purpose of improving the service to the students of this center through the use of 

causal models. 

Likewise, Sepúlveda-Silvestre (2020) used the Box-Jenkins methodology to determine 

student demand at the graduate level with the aim of guaranteeing sufficient infrastructure. 

Likewise, Kleiman (1975) points out that public higher education institutions base their forecasts 

on economic indices, for which they have as a reference the proportion of the student-age 

population by level, although he also highlights the existence of causal statistical methods and 

time series. 

For its part, Tenjo-Galarza (2012) presents demographic and econometric methodologies 

to project student demand in Colombia. In the case of Miller et al. (2021) point out that 

determining student demand at a professional level in Mexico is not easy, since students consider 

several universities at the same time when starting their higher education, which is why they 
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present a sociodemographic analysis to predict the demand for admission to a public educational 

institution. 

James and Weese (2022) carry out an analysis of the application of neural networks based 

on the simple exponential smoothing model, with mean square errors of 0.27 and 0.24, 

respectively, a difference that, for practical purposes, is irrelevant. On the other hand, Silitonga et 

al. (2020) apply the double exponential smoothing model to predict the acceptance of new 

students at an Indonesian university, where they found a mean estimation error of 0.1172. 

Chen (2022) presents a comparison between several models, including gray, simple 

exponential smoothing, neural networks, and ARIMA, applied in Chinese vocational schools. 

This author concludes that the exponential smoothing model yields the lowest mean absolute 

error, with 0.192. For the neural network model, estimate a mean absolute error of 0.216; for 

ARIMA, 0.196; and the gray model shows a mean absolute error of 0.237. However, neither 

James and Weese (2022) nor Chen (2022) consider the trends or cyclicalities of student demands. 

Cirelli et al. (2018) use several analytical models to analyze the enrollment demand at an 

educational institution in the city of Washington, USA. The models used include neural 

networks, logistic regression, Bayesian networks, decision trees, CHAID, and SVM. On average, 

all these models show an accuracy of 72%. Truckman (1971) uses the least squares regression 

model to obtain the probabilities of graduating from vocational education in a sector of the 

minority population in the state of Florida, USA, for which he considers factors such as family 

income and the educational level of the parents. 

Hill and Fildes (1984), Lusk and Neves (1984), Makridakis et al. (1982), Geurts and 

Kelly (1986), Clemen (1989), Filders et al. (1998), Koehler and Murphree (1988), Makridakis 

and Hibon (2000), among others, have conducted comparative investigations of different 

forecasting models, such as exponential smoothing, neural networks, machine learning, linear and 

nonlinear regression, etc. The general conclusion from these studies is that exponential 

smoothing models tend to provide more accurate forecasts. 

As can be seen, the choice of forecast model depends on the behavior of historical data, 

time horizons and other factors. Likewise, it can be indicated that both quantitative and 

qualitative models have been developed to address this task. Within the quantitative models there 

are causal models and time series models, the latter being the ones addressed in this research due 

to what was mentioned above. 

In the context of the public upper secondary education model in Mexico, most institutions 

present a pattern of cyclicality or seasonality in each school year, with higher enrollment in the 
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second periods of each year. Although sometimes this pattern may not be very pronounced, it 

will be decided to use exponential smoothing models to carry out a predictive study of the student 

demand that will enter this public institution of higher secondary education. We will start with 

the simplest model, which does not consider seasonality or cyclicality, and is known as the 

Brown model. Subsequently, the Holt model will be presented, which considers level and trend 

and, finally, the Winters model will be addressed, which incorporates level, trend and seasonality. 

 

Simple exponential smoothing (Brown) 

The main time series models are exponential smoothing models, which are extensions of 

the one developed by Brown (1956) during World War II as an operations research analyst in 

1944. This model does not consider trends or seasonality, according to with equation (1): 

𝑃𝑡  = ∝ 𝐷𝑡−1  +  (1−∝) 𝑃𝑡−1 (1) 

As: 

𝑃𝑡  It is the forecast at time t 

𝑃𝑡−1 It is the forecast at time 𝑡 − 1 

∝  It is the smoothing parameter for the series level (0 ≤∝≤ 1) 

𝐷𝑡−1 It is the demand or data at time 𝑡 − 1 

Regrouping the terms of (1): 

𝑃𝑡  = ∝ 𝐷𝑡−1  +  𝑃𝑡−1 − ∝ 𝑃𝑡−1 (2) 

𝑃𝑡  =  𝑃𝑡−1 + ∝ (𝐷𝑡−1  −  𝑃𝑡−1) (3) 

 Likewise, if it is considered that it starts at time t, and then equation (3) can be 

transformed to: 

𝑃𝑡+1  =  𝑃𝑡  + ∝ (𝐷𝑡  −  𝑃𝑡) (4) 

 In equations (3) and (4) the terms (𝐷𝑡−1  −  𝑃𝑡−1) and (𝐷𝑡  − 𝑃𝑡) are the forecast errors 

corresponding to the periods t – 1 and t respectively, so: 

(𝐷𝑡−1  −  𝑃𝑡−1)  =  𝑒𝑡−1 (5) 

(𝐷𝑡  −  𝑃𝑡)  =  𝑒𝑡 (6) 

 Being equations (3) and (4) the most used, depending on the period considered as the first 

forecast (t or t + 1). 

 

 



 

                                 Vol. 14, No. 28 January – June 2024, e612 

Double exponential smoothing (Holt) 

 The double exponential smoothing model is an extension of the Brown (1956) model, 

presented by Holt (2004), which includes the trend of historical data, so, in addition to the level 

parameter, it contains a trend smoothing parameter, and is expressed as equations (7), (8) and (9): 

𝑁𝑡  = ∝ 𝐷𝑡−1  +  (1−∝)(𝑁𝑡−1 + 𝑇𝑡−1) (7) 

𝑇𝑡 = 𝛽(𝑁𝑡 − 𝑁𝑡−1) + (1 − 𝛽)𝑇𝑡−1 (8) 

𝑃𝑡 = 𝑁𝑡 + 𝑇𝑡 (9) 

As: 

𝑃𝑡  It is the forecast at time t 

𝑁𝑡 It is the level smoothing at time 𝑡 

𝑇𝑡 It is the smoothing of the trend at time 𝑡 

𝐷𝑡−1 It is the demand or data at time  𝑡 − 1 

∝  It is the smoothing parameter for the series level (0 ≤∝≤ 1) 

𝛽 It is the trend smoothing parameter of the series (0 ≤ 𝛽 ≤ 1) 

 The forecast for 𝜏 time periods is expressed by equation (10): 

𝑃𝑡,𝑡+𝜏 = 𝑁𝑡 + 𝜏𝑇𝑡 (10) 

 

Triple exponential smoothing (Winters ) 

 This smoothing model developed by Winters (1960) considers, in addition to the level and 

trend parameters, cyclicality or seasonality. 

 With a periodicity p, at time t, and the calculation of level estimates 𝑁𝑡, trend 𝑇𝑡, and 

stationary factors 𝑆𝑡, … , 𝑆𝑡+𝑝−1, the forecast for future states is determined by equations (11) and 

(12): 

𝑃𝑡+1 = (𝑁𝑡 + 𝑇𝑡)𝑆𝑡 (11) 

𝑃𝑡+𝑙 = (𝑁𝑡 + 𝑙𝑇𝑡)𝑆𝑡+𝑙 (12) 

 So the demand for t +1 is expressed as: 

𝑁𝑡+1 =∝ (
𝐷𝑡+1
𝑆𝑡+1

) + (1−∝)(𝑁𝑡 + 𝑇𝑡) (13) 

𝑇𝑡+1 = 𝛽(𝑁𝑡+1 − 𝑁𝑡) + (1 − 𝛽)𝑇𝑡 (14) 

𝑆𝑡+𝑝+1 = 𝛿 (
𝐷𝑡+1
𝑁𝑡+1

) + (1 − 𝛿)𝑆𝑡+1 (15) 
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As: 

𝑃𝑡+1 It is the forecast at time t+ 1 

𝑃𝑡+𝑙 It is the forecast at time t plus a period of time l 

𝑁𝑡 It is level smoothing at time 𝑡 

𝑇𝑡 It is the smoothing of the trend at time 𝑡 

𝐷𝑡−1 It is the demand or data at time 𝑡 − 1 

𝑆𝑡 It is the seasonality factor at time 𝑡 

∝  It is the smoothing parameter for the series level (0 ≤∝≤ 1) 

𝛽 It is the trend smoothing parameter of the series (0 ≤ 𝛽 ≤ 1) 

𝛿 It is the smoothing parameter for the seasonality of the series (0 ≤ 𝛿 ≤ 1). 

 Winters model is more elaborate when considering the three variants of the behavior of 

the time series, so it is generally composed of two steps (Chopra and Meindl, 2013): 

 1. Deseasonalize the series data and perform linear regressions in order to estimate the 

level and trend parameters. 

 2. Estimate seasonality factors. 

 The deseasonalization of the data is carried out using 

𝐷̅𝒕 =

{
  
 

  
 𝐷

𝑡−(
𝑝
2
)
+ 𝐷

𝑡+(
𝑝
2
)
+ 2 ∑ 𝐷𝑖

𝑡−1+(
𝑝
2
)

𝑖=𝑡+1−(
𝑝
2
)

2𝑝
 ; for 𝑝 pair

∑
𝐷𝑖
𝑝

𝑡+[(𝑝−1)/2]

𝑖=𝑡−[(𝑝−1)/2]

 ;  for odd 𝑝

 (16) 

 Obtaining equation (17) as a linear relationship between deseasonalyzed demand and the 

time: 

𝐷̅𝑡 = 𝑁 + 𝑇𝑡 (17) 

 When the deseasonalyzed demand is calculated, the seasonality factor is calculated using 

equation (18). 

𝑆𝑡̅  =  
𝐷𝑖

𝐷̅𝑡
 (18) 

 For a periodicity p, with r stationary cycles, for the period’s pt+1, for 1 ≤ i ≤ p the 

seasonal factor is expressed as: 

𝑆𝑖 = 
∑ 𝑆𝑗𝑝+𝑖
𝑟−1
𝑗=0

𝑟
 (19) 
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Forecast error 

 It is important to determine the accuracy of forecast models by comparing the predicted 

data against the observed or actual data, as expressed in equation (6). The three most commonly 

used measures to calculate forecast error are the Mean Absolute Deviation (MAD), the Mean 

Squared Error (MSE) and the Mean Absolute Percentage Error (MAPE). Equations (20) (21) 

and (22) are expressions for calculating forecast errors: 

MAD = 
∑ |𝐷𝑖 − 𝑃𝑖|
𝑛
𝑖=1

𝑛
 (20) 

MSE =
∑ (𝐷𝑖 − 𝑃𝑖)

2𝑛
𝑖=1

𝑛
 (21) 

MAPE =  
100 ∑ |𝐷𝑖 − 𝑃𝑖| 𝐷𝑖⁄𝑛

𝑖=1

𝑛
 (22) 

Where n is the amount of data in the series. 

 

Materials and method 

 The research carried out is quantitative, transversal, experimental and exploratory. 

For this study, the entire population was considered, since the creation of the higher secondary 

education institution under investigation, and school enrollment information was collected since 

January 2010. With the objective of establishing the statistics to be used to verify that predicted 

data are statistically equal to the actual data, normality tests were performed. 

By observing the behavior of the data collected, it was searched to establish the forecast 

model that results in the greatest assertiveness for decision making. Additionally, data for the first 

10 years were collected, as shown in Table 1. 

By observing the behavior of the data in Figure 1, and following what was mentioned in 

the theoretical framework, a periodicity and trend are identified to establish the model to use in 

calculating the forecast. The investigation begins at the end of period 2 of 2020, and 5 

verification periods of the calculated forecast are carried out, one by one. 

Initially, the forecast for period 1 of 2021 is calculated using the Winters smoothing 

model, with a multiplicative option, since the seasonality pattern increases or decreases as the 

magnitude of the data increases or decreases. 

After applying the forecast model, a normality test is performed to determine the statistic 

to use (parametric or non-parametric) and to contrast the real data with the predicted data. Details 
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of the presented methodology are found in the results section, where each step performed is 

shown and the findings of the corresponding calculations are presented. 

 

Figure 1. Behavior of enrollment from period 1 of 2010 to period 2 of 2020

 

Source: own elaboration 

As seen in Figure 1, enrollment presents a trend and the school cycles of the educational 

system in Mexico are repeated twice a year. Although the cyclicality is not very clear in the 

graph, an analysis was carried out with the Holt model. However, it was found that the forecast 

errors per period are considerably above those obtained with the Winters model. Furthermore, the 

period forecasts differ significantly from the actual data analyzed during the 5 validation periods. 

For this reason, this analysis is not presented in detail. 
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Table 1. Behavior of enrollment from period 1 of 2010 to period 2 of 2020 

Year Period Tuition 

2010 
1 43 

2 38 

2011 
1 143 

2 266 

2012 
1 253 

2 743 

2013 
1 603 

2 771 

2014 
1 713 

2 856 

2015 
1 736 

2 772 

2016 
1 660 

2 1222 

2017 
1 1006 

2 1294 

2018 
1 1108 

2 1114 

2019 
1 1209 

2 1088 

2020 
1 944 

2 1039 

Source: own elaboration 

 

Results 

 After analyzing different values of α, β and δ , it was found that for the values of ∝ = 0.8, 

𝛽= 0.2 and 𝛿= 0.2, the forecast of 919 with the lowest forecast error is obtained: MAD = 126.2, 

MSD = 29,233.6 and MAPE = 30.7 %. Figure 2 and Table 2 show the results. The calculated 

forecast is compared with the actual value of period 1 of the year 2021, which was 844. With this 
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last data, the model is run again to forecast period 2 of the year 2021, and so on until period 2 of 

the year is forecast. 2023. 

 

Figure 2. Analysis of enrollment behavior using the Winters model 

 

Source: own elaboration 
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Table 2. Enrollment forecasts by period and for period 1 of 2021 

Year Period Tuition 
Forecast by 

period 

Forecast for 

period 1 of 

2021 

2010 
1 43 -63.55 919 

2 38 43.88  

2011 
1 143 48.74  

2 266 151.40  

2012 
1 253 236.16  

2 743 291.51  

2013 
1 603 600.77  

2 771 711.81  

2014 
1 713 683.39  

2 856 828.19  

2015 
1 736 759.02  

2 772 862.32  

2016 
1 660 699.91  

2 1222 768.76  

2017 
1 1006 993.78  

2 1294 1184.42  

2018 
1 1108 1106.95  

2 1114 1308.29  

2019 
1 1209 999.44  

2 1088 1357.07  

2020 
1 944 1003.80  

2 1039 1119.20  

Source: own elaboration 

 In order to establish the statistic to be used to test statistical equality that the predicted 

data are statistically equal to the actual data, the normality test was performed, which is shown in 

Figure 3. 
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Figure 3. Normality test for real data from period 1 of 2010 to period 2 of 2020 

 

Source: own elaboration 

 With the value of p = 0.076, it is concluded that the real data have normal behavior. 

Likewise, the normality test is carried out for the forecasts by period shown in Figure 4, whose 

value of p = 0.163, indicates that the forecasts of the periods also have a normal behavior, so the 

statistic to use is a comparison of means. 

 

Figure 4. Test of normality for the forecasts from period 1 of 2010 to period 2 of 2020 

 

Source: own elaboration 

 Once the normal behavior of both the actual values and the forecasts of the calculated 

periods has been verified, the null hypothesis that the means of both are statistically equal is 

tested against the alternative hypothesis that they are different. These hypotheses are shown in 

expressions (22) and (23): 
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𝐻0: 𝜇Real data  =  𝜇Forecast (22) 

𝐻0: 𝜇Real data  ≠  𝜇Forecast (23) 

 The results of the hypothesis test are shown in Figure 5, while Figure 6 shows the box 

plot, where the similarity of means is observed. Consequently, there is not enough statistical 

evidence to not accept the null hypothesis, and it is established that the predicted data per period 

are statistically equal to the actual data with a p value = 0.726. 

  It is worth mentioning that starting from period 1 of 2022, the real data showed non-

normal behavior, for which non-parametric statistics were used for hypothesis testing using the 

median as the test statistic, using Mann-Whitney . In other words, the data obtained per period 

and the actual data are statistically equal. 

 

Figure 5. Result of the hypothesis test between averages of actual and forecast values by period 

 

Source: own elaboration 
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Figure 6. Boxplot comparing means 

 

Source: own elaboration 

 On the other hand, it is desired that the variability of the data does not have 

heteroscedasticity, so the null hypothesis is tested that the variances of the real data. Furthermore, 

the forecasts per period are statistically equal against the alternative hypothesis that they are 

different. These hypotheses are shown in expressions (24) and (25): 

𝐻0: 𝜎
2
Real data  =  𝜎

2
Forecast (24) 

𝐻0: 𝜎
2
Real data  ≠  𝜎

2
Forecast (25) 

 The results are shown in Figure 7, where it is observed that for the Bonett and Levene 

tests the p values are 0.629 and 0.693 respectively. Consequently, there is not enough statistical 

evidence to do not accept the null hypothesis; In other words, the variances of the actual data and 

the forecasts per period are statistically equal, so there is no variability in both. Figure 8 shows 

the confidence interval between the variances, as well as the box plot of the comparison of 

variances. 
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Figure 7. Result of hypothesis testing between variances of actual and forecast values by period 

 

Source: own elaboration 

Figure 8. Graph of confidence intervals and hypothesis testing between variances of actual and 

forecast values by period 

 

Source: own elaboration 

The next part of the research focused on analyzing the required teachers and classrooms 

based on the demand for students enrolled for period 1 of the year 2023. The purpose was to 
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examine the average ratio of students per teacher, as well as the student per classroom ratio 

shown by the OECD (2021) and SEP (2019). The data collected is shown in table 3. 

 According to the SEP (2019), the student-teacher and student-classroom ratios are 

determined according to equations (26) and (27): 

Student-teacher ratio = 
Total enrollment

Total teachers
 (26) 

Student-class room ratio = 
Total enrollment

Total classrooms
 (27) 

 Based on this consideration, the calculations shown in Table 3 are made, where it is 

observed that the student-teacher and student-classroom ratios are well above the OECD average 

(2021), both internationally as in Mexico, which can impact the quality of education. 
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Table 3. Proportions of students per teacher and students per classroom 

Year Period 
Actual 

enrollment/students 
Teachers Classrooms 

Student-

teacher 

ratio 

Student-

classroom 

ratio 

2010 
1 43 5 1 8.60 43.00 

2 38 5 1 7.60 38.00 

2011 
1 143 twenty 4 7.15 35.75 

2 266 26 6 10.23 44.33 

2012 
1 253 26 6 9.73 42.17 

2 743 29 17 25.62 43.71 

2013 
1 603 28 17 21.54 35.47 

2 771 28 17 27.54 45.35 

2014 
1 713 30 17 23.77 41.94 

2 856 31 19 27.61 45.05 

2015 
1 736 30 19 24.53 38.74 

2 772 30 19 25.73 40.63 

2016 
1 660 32 19 20.63 34.74 

2 1222 32 27 38.19 45.26 

2017 
1 1006 32 27 31.44 37.26 

2 1294 32 29 40.44 44.62 

2018 
1 1108 3. 4 29 32.59 38.21 

2 1114 3. 4 29 32.76 38.41 

2019 
1 1209 3. 4 29 35.56 41.69 

2 1088 26 22 41.85 49.45 

2020 
1 977 24 22 40.71 44.41 

2 1039 28 22 37.11 47.23 

2021 
1 844 25 23 33.76 36.70 

2 950 28 23 33.93 41.30 

2022 
1 877 25 23 35.08 38.13 

2 942 28 23 33.64 40.96 

2023 
1 885 24 23 36.88 38.48 

2 ? ? ? ? ? 
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Source: own elaboration 

As indicated in the materials and methods section, the model used was validated by 

comparing the predicted results with the actual values. Initially, the forecast for period 1 of the 

year 2021 was calculated, and the corresponding actual value was collected. This last value was 

entered into the model to calculate the forecast for period 2 of the year 2021, and so on until 

period 1 of the year 2023. This process allowed forecasting period 2 of the year 2023, the results 

of which are presented in table 4. In Figure 9 shows the behavior of all the data considered, 

including the 5 validation periods of the Winters model. 

 

Table 4. Model validation periods and results found. 

Year Period 
Real 

data 
Forecast 

Mistake 

(%) 

2021 
1 844 919 8.88 

2 950 948 0.21 

2022 
1 877 817 6.84 

2 942 954 2.33 

2023 
1 855 826 3.39 

2 ? 973 ? 

Source: own elaboration 

  

Figure 9. Behavior of the data considered in the research 

 

Source: own elaboration 
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According to the data presented in Table 4, it is observed that the model used to forecast 

enrollment has a relatively low forecast error in the forecasts by period. In this sense, it is 

important to highlight that the range to consider an acceptable forecast in this context, given that 

the data are not linear, is between 20% and 30%. The average demand forecast for period 2 of 

2023 is 973, with a 95% confidence interval, which ranges between 697 and 1,249 students. 

When considering the OECD average student-teacher ratio (2021), which is 13 students 

per teacher, it would be estimated that 75 teachers would be required to cover the expected 

enrollment. Likewise, taking into account the student-classroom ratio, 42 classrooms would be 

needed. However, if the current average proportions in Mexico are considered, the estimated 

number of teachers and classrooms required would be 35 teachers and 36 classrooms. 

 

Discussion 

The application of exponential smoothing models, specifically the Winters model, offers a 

reliable forecast of student demand that can be considered in similar situations of enrollment 

calculations in areas with homogeneous characteristics in Mexico. In this regard, there are many 

regions that share similarities in terms of econometric, social and demographic aspects, where 

these variables are not significant in demand, since these regions are already defined as having a 

similar economic, social and demographic level. This is especially relevant in areas such as rural 

regions and marginalized areas of cities, where it is crucial to prepare young people academically 

to improve their opportunities in the labor market and raise their socioeconomic conditions in the 

future. 

On the other hand, and regarding the literature presented in the theoretical framework, the 

model used in this research has demonstrated its effectiveness in various branches of basic and 

applied science. In fact, it has been successfully used in solving problems related to sales 

demands, inventory control, new product launches and evaluation of new customers in 

internationally renowned companies. 

Some notable applications include the work of González-Luna and Rodríguez- Morachis 

(2017), who used single and double exponential smoothing models to establish product demands, 

thereby they were able to reduce inventory by $408,658.43 US dollars over an eleven weeks 

period. Likewise, Nevárez- Carrazco et al. (2018) used simple exponential smoothing to reduce 

inventories in two products, achieving an assertiveness of 98 % and a reduction of one million 

US dollars in the 9 months validation period. 
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For their part, Serrato-Córdova and Rodríguez- Morachis (2014) applied simple 

exponential smoothing for inventory control, with which they achieved a certainty of 92.3% 

between the real value of demand and the predicted value. In another case, Fernández-Muñoz et 

al. (2022) used the double exponential smoothing model to address the problem of on-time 

product deliveries, achieving an increase from 50% to 80%  in on-time delivery. 

In addition to the research presented in the theoretical framework, in the educational 

sector there are studies such as that of Garro-Bordonaro and Arcos-Calzonci (2019), who carried 

out an analysis of student demand at a professional level in Mexico using a multiple regression 

model. In their results, they highlight that the relative labor income of workers does not 

significantly influence the demand for professional education, while social variables do have an 

impact. On the other hand, Slim et al. (2018) used logistic regression models and support vector 

machines to forecast demand at the professional level student at the University of New Mexico in 

the United States, with which they achieved an accuracy of 89.41% and 91.25%, respectively. 

Hernández-Pérez et al. (2020) also began their student demand analysis using the double 

exponential smoothing model, which resulted in the lowest forecast error for the data collected up 

to that year. 

Now, when reviewing the literature, it is evident that in Mexico the application of this 

type of models in the public sector and, especially, in the educational sector, has not been 

sufficient to use it as a tool for planning school cycles. This points to an important opportunity in 

this area, since there are many regions with a homogeneous student market, where 

sociodemographic and economic analyzes would not be so relevant, since there are no marked 

differences in these aspects. In other words is, in these regions the crucial variable to consider 

would be student demand. 

 

Conclusions 

The choice of exponential smoothing models in this research is based on comparisons 

made in the specialized forecasting literature in scientific journals such as International Journal 

of Forecasting and Journal of Forecasting. These comparisons have shown that the accuracy of 

exponential smoothing models with appropriate characteristics is superior. In this sense, the best 

practice with these models involves making forecasts for one period at a time and calculating the 

forecast error in each one. In this research, the forecasts per period show that the error varied 

from 0.21% to 8.88%, which is considered low, especially when compared to the acceptable 

range of errors, which varies between 20% and 30%. 
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On the other hand, the forecast for period 2 of the year 2023 is 973 students, which 

suggests that, conservatively and maintaining the average student-teacher and student-classroom 

ratios in Mexico, the teacher workforce should be increased by 11 and the number of classrooms 

in 13. This is necessary so that, according to OECD standards, it is considered that quality 

education is being provided to students. 

Finally, although the calculation of the student demand forecast was carried out using 

double exponential smoothing, the forecast errors in the periods turned out to be larger, so they 

were not presented in detail in this research. 

 

Future lines of research 

The use of forecasting models in the educational sector has not been widely applied, so its 

implementation in a more formal way is recommended. Currently, the official enrollment 

estimate is mainly based on political decisions, which can affect proper resource planning. 

In situations where the potential market is homogeneous, the use of exponential 

smoothing models offers reliable results with a relatively small forecast error. Therefore, in future 

research its application is suggested in cases such as the calculation of failure rates, dropout rates, 

estimation of equipment resources in workshops, laboratories, software licenses, among others. 

In this research, the behavior of student demand shows stability, which could imply, in 

future occasions, the consideration of a change in the forecast model to one that does not take 

into account neither trend nor seasonality, such as simple exponential smoothing or simple or 

double moving average. 

Finally, the application of quantitative forecasting models, specifically exponential 

smoothing, is highly recommended for resource planning in cases similar to this research, where 

the student population shares similar social, economic and demographic characteristics. 
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