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Abstract: Researchers primarily dedicate their time to teaching in Latin American universities. For
this reason, it is essential to determine how teaching time affects (or contributes to) the scientific
productivity of researchers working under these conditions. We analyzed the incidence of gender,
groups taught at undergraduate and graduate levels, the researcher proficiency level, and the number
of thesis students advised, among others, for the impact on the scientific productivity (annual
publications) of a group of professors. We analyzed the data using both statistical and regression
methods. Contrary to our initial hypothesis, the number of groups taught does not significantly
influence research productivity; it is affected by other factors such as belonging to the Mexican
Researcher System (SNI) or having a researcher or administrative position at the institution. Our
results can help guide the formulation of academic and research policies that contribute to the
scientific productivity of Latin American universities.

Keywords: scientific productivity; higher education; teaching time; research policy; university;
educational innovation; learning analytics

1. Introduction

The academic debate on the research role that university professors should have has
never reached a unanimous agreement. While some think that the research function is
inherent to the profession of a university professor, since teaching cannot be understood
without research, the reality is quite different. Not surprisingly, most of the universities that
share the top positions in the rankings (i.e., ARWU, THE, QS) have opted for two different
tracks: the non-tenure track, focused exclusively on teaching assignments, generally being
part-time professors and with professional jobs outside the University; and the tenure-
track, a figure more focused on research, teaching, and administrative positions, generally
full-time professors.

Certainly, the realities of most countries with universities at the top of the rankings
(USA, UK, France, Switzerland, Canada, Japan, China) are diametrically different from
other countries with lower levels of development and universities in which there are
different faculty configurations. For example, in the case of Mexico, there is a public system
for evaluating professors (SNI), which, after assessing their research output (published
articles, participation in international conferences, the direction of doctoral theses, etc.),
grants recognition and a researcher level that is reflected in their salary and the reduction
of the teaching and administrative load. At the same time, there are also professors without
these accreditations who dedicate themselves, even full-time, to university teaching.
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The «Sistema Nacional de Investigadores» (National System of Researchers) (SNI)
is an accreditation granted by the Mexican Ministry of Universities to researchers after a
process of blind peer evaluation of the researcher’s curriculum, focusing mainly on research
activities and outputs (scientific articles published in high-impact journals, participation
in international conferences, the direction of doctoral theses and research projects and
grants). There are five researcher proficiency levels: (1) National Researcher Candidate,
(2) National Researcher (I, II, and III), and, (3) Emeritus National Researcher. This ac-
creditation is re-evaluated every two years, except for the Emeritus level, and can be lost,
decreased, or increased in the scale, depending on the scientific production generated in
the previous three years. Achieving a good researcher proficiency level in the SNI gives
access to salary supplements and the possibility of being PI of research projects and grants
sponsored by the State.

Concerning the labor policies of many Latin American universities, including Mexican
universities, there are two types of professors: full-time (similar to tenure-track) and part-
time (similar to non-tenure-track). However, in most universities, the faculty—even those
who are full-time—dedicate between 30 and 40 h per week to teaching, tutoring students,
and administrative functions. Some universities have proactive research policies that
reduce the teaching workload for professors dedicated to research, even, depending on the
researcher’s profile, assigning them only to teaching in postgraduate studies. However,
this happens in an elite minority of private universities and the main public universities of
each country.

The research policies of developing countries and their universities are constantly
debated in this duality. It is often alleged that the overload of teaching and administrative
work of professors negatively affects their scientific production (basically in the number and
quality of their publications) so that those professors who do not have sufficient research
production find it very difficult to change their teaching profile to “researcher” to reduce
their teaching workload. This study seeks to answer whether the teaching load is a limiting
factor for scientific production, based on analyzing 785 professors at a university with
31 campuses in Mexico and 22 extensions in 15 countries.

It is important to point out that this private university has been chosen as the sample
axis because it has a diverse geographical distribution throughout Mexico, but it also has
a presence in 15 other Latin American countries, so this exploratory study would have
results that could reflect the reality, at least, of Mexican private universities. In addition,
this research examines the impact of gender, age, undergraduate and graduate teaching
load, faculty researcher accreditation level (SNI), and undergraduate and graduate theses
directed, among other issues, on scientific productivity as measured by the professors’
number of annual publications.

1.1. Multidimensional Factors in the Complexity of the Teaching Profession

Complexity and education are intertwined through the multidimensional knowledge
that comes from the teaching function and the teaching-learning process. With changing
conditions and the development of technologies and communications, it is necessary to
train new generations to be citizens capable of working in an environment characterized by
complexity and diversity [1]. While acknowledging that the demanding nature of teaching,
and the complexities of teacher attrition, cannot be denied [2], society must accept the
complexity of teaching and reject a simplistic understanding of what it entails [3]. Ishii [4]
also warns that in Japan, the complexity of the teaching profession has been downplayed
through repeated systemic reforms, in which the profession is increasingly seen as a tech-
nical operation. Similarly, Yuen [5] calls for a reconsideration of the ethical responsibility
of teacher educators to address the complexity of teacher work often neglected by politics
and the political/practical divide in teacher education.

In contrast, Pischetola [6] argued for addressing the complexity of learning with in-
novative pedagogies that integrate multiple and situated teaching activities, providing
a bridge between learning theories and educational practices, as well as promoting knowl-
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edge in practice with spaces for imagination in teaching with technologies and addressing
the dynamic evolution of higher education. These actions coincide with Carmi & Tamir [7],
who located three professional ideals: teachers as intellectuals, artisans, and artists. From
this perspective, recognizing complexity in education places the teacher at the center of
this multidimensional connection.

In the teaching profession, complexity is recognized through the interconnected nodes
of the personal dimensions of the teacher, the institution, the context, social dimensions, and
the educational practice itself. Educational science is the discipline that studies theoretical
practices and techniques to analyze, understand, and explain the complex problems that
occur in different spaces (both formal and non-formal learning) [8]. Factors such as teacher
training, the organization of courses, the delivery of particular subjects, and the profile
of the teachers who teach them are substantive dimensions of the teaching profession [9].
Similarly, Arista & Abbas [10] recognized factors such as performance expectancy, social
influence, facilitating conditions, and habitus. In the same vein, Flores [11] locates personal
dimensions with the need to confront present and past experiences, internal tensions,
and dilemmas and raise awareness of the contextual complexity of the classroom. The
increasing complexity of the profession requires teachers to be lifelong learners, but at
the same time, this complexity stands in the way of teacher learning [12]. Sancho-Gil
& Hernández-Hernández [13] locate dimensions from agencies and institutions: social
relations, work approaches, and social inequalities. Similarly, Sanabria et al. [14] identified
that the intersection of political, social, environmental, economic, and educational systems
would make it possible to move from a limited dimension to the whole cycle. The multiple
dimensions of the teaching profession interconnect to recreate differentiated profiles. What
happens in the complexity of roles that link large areas such as teaching and research?

1.2. Scientific Productivity of University Professors

Scientific productivity is often associated with research productivity (publications,
conferences, posters, grants, research projects) as tangible outputs of mainly university
professors. In the case of research professors, complexity and uncertainty mean that many
academicians do not attain the expected heights of scientific productivity [15]. The function-
ing of institutions has changed, and with it, new structures and needs, such as generating
financial resources, intensive participation in networking, and pressure for scientific produc-
tivity, especially concerning the publication of scientific results in high-impact journals [16].
In addition, scientific productivity links to institutional accreditations [17], positions in
international rankings, and patent generation [18]. Scientific productivity evidence results
through tangible aspects, but how is this productivity measured?

Measuring scientific output can be done through data analysis, such as the number of
publications (bibliometrics) or investment in research and development. Buela-Casal et al. [19]
analyzed data from Spanish public universities using seven indicators (articles published
in Journal Citation Reports journals, research sections, research projects, doctoral theses,
grants for university teacher training, doctoral programs with Mention of Excellence, and
patents). They noted the importance of funding in scientific production and the need
to assess management based on the funding received. Vasiljeva et al. [20] applied the
principal-components method to study the structure of productivity indicators of scientific
activity in Russian universities, revealing the characteristics of the emotional exhaustion
factor on the scientific productivity of university professors. In Peru, Vicente et al. [21]
studied the influence of the program promoting the research culture on the strengthening
of teaching competencies through the hypothetical deductive method, concluding that
there was a favorable influence of the program promoting the research culture. It strength-
ened the research skills studied in teachers; this was manifested in the increase in their
academic and scientific productivity. Rodríguez-García et al. [22] analyzed the scientific
production with the most significant impact on digital competency in teacher training in
higher education through literature analysis. The results provided an overview of research
on digital competency in future teachers, where the most scientific production occurred
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in recent years (2014–2017). Data analysis is relevant to measure productivity, but what
happens when the teaching and research roles intersect?

1.3. Interrelation of Teaching and Research in University Professors

The implementation of quality systems (accreditation and evaluation and/or promo-
tion agencies or systems, such as the SNI in Mexico or ANECA in Spain) for university
professors has led to an imbalance in the tasks to be carried out, with greater importance
and overvaluation being given to research and knowledge transfer than to teaching and
management. This trend is fostering an increase in the complexity of academic work and
its quality [23,24] and leads to the creation of a professional profile and identity based more
on research than on teaching and, consequently, on the publications derived from it, with
a less significant impact on the quality of teaching itself [25–29]. Thus, everything points to
the growing dichotomy between the tasks of university teaching professors.

In terms of the versatility of university teaching staff’s functions, Gómez [30] pointed
out that teaching and research can be conditioned by a series of factors such as time, dedi-
cation, commitment, interpersonal relationships, pedagogical training, research experience
and the personality of the teacher, which in turn can be represented as “incompatible.” Sim-
ilarly, Miranda et al. [31] and Matthews & Kotzee [32] questioned the possible coexistence
between research and university teaching. These authors point out that the political univer-
sity system has fostered a profile of more productive professionals through publications,
which requires them to be more effective in teaching. Furthermore, they recognize that
teaching and research are connected through learning, making research visible as a pillar
and support for teaching, making it particular and unique. Similarly, research by Davis &
Graham [33] and Lapoule & Lynch [34] shows how research brings practical and potential
insights into teaching activities and practices.

1.4. Studies of the Impact of University Professors’ Time

A crucial element in the teaching profession is the quality of life in the work environ-
ment, as it determines its well-being, quality, and productivity. Time management (working
hours, demands, deadlines, and task execution, among others) is a fundamental factor
in the contextualization of work activity [35]. Studies such as those by Castilla-Gutiérrez
et al. [36], provide teachers’ perceptions of their degree of satisfaction, tenure, commitment,
productivity, and stress in their work context and work climate. The demands of university
tasks, competitiveness, limited rest time (manifested in periods of insomnia and even
anxiety), depersonalization, little recognition or prestige, low salary, resources for research
development, and sustained overload over time are impact factors and determinants for
chronic work-related stress, known as Burnout. Vega et al. [37] and Méndez et al. [38],
pointed out that educators must consider job satisfaction and control variables to reduce
stress. The results of the research by Castilla-Gutiérrez et al. [36] show that excessive
workload and increased responsibilities are conditioning factors that impact the lack of
time to reconcile personal and family life and, consequently, balance the different facets of
university teaching.

Another primary element impacting university professors’ time is labor productivity.
Agustina et al. [39] pointed out that the ability to perform assigned tasks results in the
measurement of productivity, the results achieved, the “overcoming” of work (understood
as competitiveness and improvement of the results achieved), self-development develop-
ment to improve work skills through challenges and expectations, the quality of actions to
provide better results and the effectiveness of teaching tasks. Thus, both authors point out
that inputs and outputs are essential for productivity and significantly influence employees.
Adams et al. [40] suggested that effective time management is often associated with higher
academic performance. Gul et al. [41] investigated the university faculty’s perceptions of
their teaching load related to their time management skills (working hours, satisfaction,
assigned responsibility, work content, planning, scheduling, and management tasks, among
others). The results showed that faculty had the skills to regularly manage their working
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hours (research, teaching, and management) and workload, fulfilling their responsibilities
and academic demands. However, it also became apparent that the university profes-
sor’s time management skills diminished with an increased workload. Thus, time and
management in the University is an issue that affects the tasks performed by the lecturer
not only in teaching and learning processes but also in research, knowledge transfer, and
administrative tasks.

2. Materials and Methods

This research examines the correlation between teaching workload and scientific
production outputs of university professors based on the analysis of 785 professors and
researchers at a private university in Mexico. Additionally, it aims to study the inci-
dence of gender, undergraduate and graduate teaching load, the level of researcher ac-
creditation (SNI) of the faculty, and the number of under and graduate theses directed,
among other issues, on scientific productivity as measured by the professors’ number of
annual publications.

The starting hypothesis (H1) is that the higher the number of groups taught, the lower
the scientific productivity of the professor. The second hypothesis (H2) is that professors
with an exclusive research contract (e.g., postdoctoral fellows) will have a higher scien-
tific output than those with an exclusive teaching contract or administrative positions in
the institution.

For this research, we requested institutional data and applied statistical and machine-
learning techniques to analyze the influence of teaching workload on scientific productivity.

2.1. Data Collection

The data used for this research was requested from the Data Hub of the Institute for
the Future of Education at Tecnologico de Monterrey. The data set contains information on
785 professors who taught at least one course at Tecnologico de Monterrey (Mexico) between
2014 and 2018, and published at least one Scopus-indexed paper between 2015 and 2019
or were part of the Mexican Researcher System (SNI by its acronym in Spanish), during
the period 2014–2018. 51% of these 785 professors were classified by SNI as researchers (at
some proficiency level), during at least one year between 2014 and 2018. Figure 1 shows the
distribution of the professors analyzed broken down by gender and researcher proficiency
level (SNI) that ranges from 0 (not ascribed to SNI) to 3 (maximum proficiency level).
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Candidate, 1—SNI Level 1, 2—SNI Level 2, 3—SNI Level 3).

To analyze the effect of teaching workload on scientific productivity, we accounted for
the groups taught by a professor every year during the period 2014–2018 and compared it
with his/her scientific production in the following year, i.e., versus the period 2015–2019.
The dataset contains the variables shown in Table 1.

Note that variables represent not only the teaching workload in year Y but also some
contextual conditions that could influence the scientific productivity of the professor in the
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next year (Y + 1). Among the contextual variables is the research proficiency level of the
professor (SNI), which comes accompanied by an economic incentive when it is greater
than 0.

Table 1. Dataset variables and definitions.

Variable Definition Values

GENDER Indicates whether the professor’s gender is
male (1) or female (0) 0/1

ADM_POS
Indicates if the professor holds an
administrative position at the institution
during the year (1) or not (0).

0/1

RES_CONTRACT
Indicates if the professor had a
research-only (or primarily) contract
during the year (1) or not (0).

0/1

AGE The age of the professor at the beginning of
the calendar year. 21–76

SCHOOL The school where the professor taught
more classes that year.

EIC, EMCS, EGADE,
ECSG, EHE, EAAD,
OTHER

SNI_VAL

The researcher proficiency level of the
professor in the year. Not being in the
researcher systems is encoded as 0, being
Candidate as 1, Level 1 as 2, Level 2 as 3,
and Level 3 (maximum) as 4.

0–4

TESISTAS_RESP

The number of theses (undergraduate and
graduate) students advised by the
professor during the year. Co-advised
students are multiplied by a responsibility
percentage.

0–130

GROUPS_GRAD * The number of groups taught at the
graduate level during the year. 0–15.84

GROUPS_UNDERGRAD * The number of groups taught at the
undergraduate level during the year. 0–64.26

GROUPS * The total number of groups taught during
the year. 0–65.61

ONLY_UNDERGRAD

Flag indicating whether the professor
taught only to undergraduate students
throughout the entire year (1) or attended
graduate students as well (0).

0/1

DOCS_Y1
The number of Scopus-indexed papers
published by the professor in the calendar
year after the analyzed workload.

0–61

* The number of groups taught during the year (graduate, undergraduate, and total) is adjusted by the responsi-
bility percentage when it is given in a team with other professor(s) (i.e., team teaching).

Additionally, the school is used as a proxy to capture the differences in productivity
levels between disciplines. Acronyms represent schools: EIC (Engineering and Sciences),
EMCS (Medicine), EGADE (Business), ECSG (Social Sciences and Government), EHE
(Humanities and Education), EAAD (Art, Architecture, and Design), and OTHER (not
ascribed to a school).

2.2. Data Analysis

We analyzed the collected data using both statistical and regression methods. First, we
explored the data to analyze the distribution of variables, validate their normal distribution,
and observe the range of values they hold. We also detected and removed outliers that
could affect the linear regression.

Next, we inspected correlations between variables to avoid multicollinearity issues
in the regression analysis. A correlation matrix and a correlogram were generated for this
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purpose. Visualizations and simple linear regression were used to explain interactions
between variables.

Then we trained several Multiple Linear Regression models to determine which
variables significantly affected the professor’s scientific productivity the following year. We
evaluated all the variables and kept only those with significance above 95%. The adjusted
R2 was used as an indicator of the model’s quality; the closer to 1, the better. We discarded
models having multicollinearity, indicated by the parameter condition number with values
higher than 2000.

A Multiple Linear Regression model is represented by the equation:

y = β0 + βixi + ε for 0 < i < n (1)

where y represents the dependent variable, xi the independent variables (predictors); the
coefficients β0 (the intercept) and βi are learned using an Ordinary Least Squares (OLS)
method. The error term ε represents the difference between the predicted value (given by
the equation) and the actual value, usually called residual.

This linear equation model can predict the number of papers a professor will produce
the following year (y). The coefficients of independent variables (X) learned by the regres-
sion model indicate the (positive or negative) influence of Xi on the scientific productivity
of the professor. The lack of Xi’s significance in the regression model is considered proof of
the null influence of the variable in the dependent variable (scientific productivity).

3. Results

This section starts by showing the results of data exploration. Then we use charts to
illustrate the conclusions of the statistical analysis. Finally, we present the best regression
model generated and discuss the obtained linear model.

3.1. Data Exploration

We defined four ranges for groups taught in a year to determine a low, medium, high,
and extraordinary teaching workload. We considered less than 5 groups taught in a year as
low, 5 and 8 as medium, 9 and 12 as high, and 13 or more as an extraordinary workload.
Note that this distribution is independent of whether the professor has a full-time or
part-time contract for teaching. Some professors have administrative positions and teach
part-time; likewise, some professors are hired just for research positions (e.g., postdocs).

Figure 2 shows the distribution of professors’ annual workloads (i.e., the number
of groups taught in a given year) according to the Mexican Researcher System (SNI)
accreditation. Note that Figure 2 shows workloads for the 785 professors over 4 years
(2014–2018). The SNI accredited 51% of professors in this sample at some level during
2014–2018. Note that researchers can be promoted or demoted at SNI over time; hence we
used the SNI level of the professor valid during the year the workload was considered.
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The researcher proficiency level is also associated with differentiated scientific pro-
ductivity levels, as seen in Figure 3. The median of the scientific production of a professor
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not accredited by the SNI is 0 papers per year, whereas the median for a Candidate level
(C) is 1. Professors accredited at Level 1 have a median of 2, whereas those at Level 2 have
a median of 3, and those certified at the maximum level (Level 3) have a median of 5 papers
per year. The boxplots in Figure 3 also show a growing dispersion in the higher proficiency
levels and exhibit outliers beyond the upper whisker. Note that there are outliers in the
5 proficiency levels, including the one for non-SNI professors (level 0).
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Differences between scientific productivity across disciplines were also captured by
the professor’s school (department), as shown in Figure 4. When all the professors were
grouped by school (department), independently of their researcher proficiency level, the
median number of papers produced in one year for all schools was 0, except for Engineering
and Sciences (EIC), which was 1. Similarly, the upper quartile for most schools was 1,
whereas it was 3 for EIC and 2 for Medicine (EMCS).
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the publications made by the professors in the sample during the period 2015–2018, broken
down by school (department). For the first four schools (EADD, ECSG, EGADE, and EHE)
the medians per school range between 2.5 and 3.2, whereas it is 5.0 for Engineering and
Sciences (EIC) and 7.0 for Medicine (EMCS).
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3.2. Statistical Analysis

Next, we evaluated the correlation between variables to prevent high correlations
that might induce multicollinearity issues in the regression analysis. Figure 6 shows the
correlation matrix of numeric variables in the dataset.

Publications 2023, 11, x FOR PEER REVIEW 10 of 18 
 

 

3.2. Statistical Analysis 
Next, we evaluated the correlation between variables to prevent high correlations 

that might induce multicollinearity issues in the regression analysis. Figure 6 shows the 
correlation matrix of numeric variables in the dataset.  

 
Figure 6. Correlation matrix between independent variables and the dependent variable. 

We can only observe a high (inverse) correlation between the number of graduate-
level groups taught (GROUPS_GRAD) and the flag that indicates when a professor taught 
only on the undergraduate level (ONLY_UNDERGRAD). The rest of the correlations are 
moderated. On the other hand, the variable with the highest correlation with the depend-
ent variable (DOCS_Y1) is the researcher proficiency level (SNI_VAL), followed by the 
number of thesis students (TESISTAS_RESP) and having a researcher contract (RES_CON-
TRACT). Teaching only at the undergraduate level (ONLY_UNDERGRAD) is inversely 
related to scientific productivity. SNI_VAL is also directly related to the number of thesis 
students and having a researcher contract.  

We built a correlogram to observe the correlation pattern between variables (see Fig-
ure 7). The distribution chart for every variable is shown in the diagonal, whereas the cells 
show a scatter plot between every pair of variables. It can be seen that binary variables 
(e.g., gender and administrative position) are not highly imbalanced, i.e., there are enough 
records for the underrepresented class, being “having a researcher contract” as the most 
critical case. Except for age, all continuous variables have a right-skewed normal distribu-
tion. This means there were few records with high values; for instance, few professors 
published more than 10 papers yearly.  

Figure 6. Correlation matrix between independent variables and the dependent variable.



Publications 2023, 11, 27 10 of 17

We can only observe a high (inverse) correlation between the number of graduate-
level groups taught (GROUPS_GRAD) and the flag that indicates when a professor taught
only on the undergraduate level (ONLY_UNDERGRAD). The rest of the correlations are
moderated. On the other hand, the variable with the highest correlation with the dependent
variable (DOCS_Y1) is the researcher proficiency level (SNI_VAL), followed by the number
of thesis students (TESISTAS_RESP) and having a researcher contract (RES_CONTRACT).
Teaching only at the undergraduate level (ONLY_UNDERGRAD) is inversely related to
scientific productivity. SNI_VAL is also directly related to the number of thesis students
and having a researcher contract.

We built a correlogram to observe the correlation pattern between variables (see
Figure 7). The distribution chart for every variable is shown in the diagonal, whereas
the cells show a scatter plot between every pair of variables. It can be seen that binary
variables (e.g., gender and administrative position) are not highly imbalanced, i.e., there
are enough records for the underrepresented class, being “having a researcher contract”
as the most critical case. Except for age, all continuous variables have a right-skewed
normal distribution. This means there were few records with high values; for instance, few
professors published more than 10 papers yearly.
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Next, we evaluated how the number of groups taught by professors at the under-
graduate and graduate levels affected scientific productivity. Figure 8 shows a scatter plot
contrasting the number of groups taught by a professor at the undergraduate (left) and grad-
uate (right) levels with the number of papers published the following year. Colors are used
to distinguish professors’ different researcher proficiency levels, whereas the corresponding
trend lines illustrate how the academic workload positively or negatively impacts scientific
production. Except for levels 2 and 3 at the undergraduate level, the rest of the trend lines
are significant, i.e., supported by a simple linear regression with a p-value < 0.05.

Publications 2023, 11, x FOR PEER REVIEW 12 of 18 
 

 

 
Figure 8. The correlation between groups taught at undergraduate and graduate levels on scientific 
productivity is broken down by researcher proficiency level. 

Trends in Figure 8 show that teaching at the graduate level (right chart) has a positive 
impact on scientific productivity for professors accredited at some SNI proficiency level 
(Candidate to Level 2), but it does not affect non-SNI professors (blue line). On the other 
hand, teaching at the undergraduate level (left chart) negatively affects productivity for 
both Candidate researchers (green line) and non-SNI professors (blue line). SNI Level 3 
researchers are just a few; hence, their trend has no significance. 

3.3. Regression Analysis 
Finally, we conducted a multiple linear regression analysis to identify whether the 

combination of academic workload and other contextual factors would explain the scien-
tific productivity of professors. To this end, we use the Python ScikitLearn packages and 
trained Ordinary Least Squares (OLS) regression models. We trained two models: one for 
the whole sample and another for SNI professors only.  

3.3.1. Regression Model for all Professors 
For the first regression model, we obtained the following equation: 𝑦 = 0.061 𝑥 + 0.922  𝑥 + 0.731 𝑥 + 1.0 𝑥 − 0.015 𝑥 + 1.750 𝑥  +1.329 𝑥 + 0.520 𝑥 − 0.258 𝑥  (2)

where: 
• y is the scientific production of the following year (DOCS_Y1); 
• 𝑥  is the number of thesis students advised by the professor (TESISTAS_RESP); 
• 𝑥   is 1 when the professor holds a researcher position, and it is 0 otherwise 

(RES_CONTRACT); 
• 𝑥  is 1 when the professor holds an administrative position, and it is 0 otherwise 

(ADM_POS); 
• 𝑥  is the current researcher proficiency level of the professor (SNI_VAL); 
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productivity is broken down by researcher proficiency level.

Trends in Figure 8 show that teaching at the graduate level (right chart) has a positive
impact on scientific productivity for professors accredited at some SNI proficiency level
(Candidate to Level 2), but it does not affect non-SNI professors (blue line). On the other
hand, teaching at the undergraduate level (left chart) negatively affects productivity for
both Candidate researchers (green line) and non-SNI professors (blue line). SNI Level 3
researchers are just a few; hence, their trend has no significance.

3.3. Regression Analysis

Finally, we conducted a multiple linear regression analysis to identify whether the
combination of academic workload and other contextual factors would explain the scientific
productivity of professors. To this end, we use the Python ScikitLearn packages and trained
Ordinary Least Squares (OLS) regression models. We trained two models: one for the
whole sample and another for SNI professors only.

3.3.1. Regression Model for all Professors

For the first regression model, we obtained the following equation:

y = 0.061x1 + 0.922x2 + 0.731x3 + 1.0x4 − 0.015x5 + 1.750x6
+1.329x7 + 0.520x8 − 0.258x9

(2)
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where:

• y is the scientific production of the following year (DOCS_Y1);
• x1 is the number of thesis students advised by the professor (TESISTAS_RESP);
• x2 is 1 when the professor holds a researcher position, and it is 0 otherwise

(RES_CONTRACT);
• x3 is 1 when the professor holds an administrative position, and it is 0 otherwise

(ADM_POS);
• x4 is the current researcher proficiency level of the professor (SNI_VAL);
• x5 is the professor’s age in years (AGE);
• x6 is 1 if the professor belongs to the School of Engineering and Sciences, and it is

0 otherwise (EIC);
• x7 is 1 if the professor belongs to the School of Medicine, and it is 0 otherwise (EMCS);
• x8 is 1 if the professor belongs to the Business School, and it is 0 otherwise (EGADE);
• x9 is 1 if the professor taught only to undergraduate students in that year, and it is 0 if

they taught at least one (ONLY_UNDERGRAD).

This regression model was trained with 2429 observations and had an adjusted R2

of 0.491, which means it has high explanatory power (almost 50%); other factors explain
the other 50% of scientific production. This model did not present multicollinearity issues
(the condition number was 248). All the variables in this model were significant at 95%
(p-value < 0.05), meanwhile the intercept (β0) was removed as long as it was not significant.

It is worth mentioning that the three variables related to academic workload (GROUPS,
GROUPS_UNDERGRAD, and GROUPS_GRAD) as well as gender (GENDER) and the
variables representing the other schools were not significant in this regression model.

3.3.2. Regression Model for SNI Professors

For the second regression model, we obtained the following equation:

y = 0.043x1 + 0.771x2 + 1.203x3 + 1.829x4 − 0.058x5 + 2.346x6
+1.189x7−0.544x9

(3)

Note that this time EGADE (x8) was not significant. The rest of the (xi) has the
same meaning as in the previous equation. This regression model was trained with
946 observations and had an adjusted R2 of 0.551, a little higher than the previous model.
This model did not present multicollinearity issues (the condition number was 175). All the
variables in this model were significant at 95% (p-value < 0.05); meanwhile, the intercept
(β0) was removed as long as it was not significant.

Once again, the three variables related to academic workload (GROUPS, GROUPS_
UNDERGRAD, and GROUPS_GRAD) as well as gender (GENDER) and the variables
representing the other schools were not significant in this regression model.

3.3.3. Regression Model for Non-SNI Professors

For the third regression model, we obtained the following equation:

y = 0.059x1 + 1.905x2 + 0.417x3 + 0.003x5 + 0.564x6 + 0.544x7 (4)

For non-SNI professors, the variables EGADE (x8) y UNDERGRAND_ONLY (x9) were
not significant. SNI_VAL was removed as long as it was 0 in all the records. This regression
model was trained with 1483 observations and had an adjusted R2 of 0.322, slightly higher
than the previous model. This model did not present multicollinearity issues (the condition
number was 223). All the variables in this model were significant at 95% (p-value < 0.05),
meanwhile the intercept (β0) was removed as long as it was not significant.

Again, the three variables related to academic workload (GROUPS, GROUPS_
UNDERGRAD, and GROUPS_GRAD) and gender (GENDER) and the variables represent-
ing the other schools were not significant in this regression model.
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3.3.4. Analysis of the Regression Models

Table 2 compares the coefficients obtained in the three regression models. In the first
two regression models, the professor’s age and having taught only at the undergradu-
ate level negatively impacted scientific productivity. Nevertheless, the impact was more
negative for SNI professors: AGE’s coefficient passed from −0.015 to −0.058, and UNDER-
GRAD_ONLY’s coefficient doubled (from −0.258 to −0.544). This could be interpreted
as when SNI professors teach only at the undergraduate level, they produce half a paper
less. In the non-SNI professors model, AGE had a small positive effect (0.003); meanwhile,
UNDERGRAD_ONLY became insignificant.

Table 2. Coefficients of the two regression models.

X Variable All Professors SNI Professors Non-SNI
Professors

1 TESISTAS_RESP 0.061 0.043 0.059
2 RES_CONTRACT 0.922 0.771 1.905
3 ADM_POS 0.731 1.203 0.417
4 SNI_VAL 1.000 1.829 -
5 AGE −0.015 −0.058 0.003
6 EIC 1.750 2.346 0.569
7 EMCS 1.329 1.189 0.544
8 EGADE 0.520 - -
9 UNDERGRAD_ONLY −0.258 −0.544 -

Adjusted R2 0.489 0.551 0.322

The rest of the factors contributed positively to the scientific production of the profes-
sor in the three models or lost significance in the last two models. The current researcher
proficiency level (SNI) is the factor that most contributes to the professor’s scientific produc-
tion, being 1.0 for all professors and 1.829 for SNI professors. This means that, on average,
an SNI Candidate produced 1.829 papers in a year, while an SNI Level 3 produced 7.316
(4 × 1.829) papers.

Another factor present in the three regression models is the number of dissertations
supervised by the professor (TESISTAS_RESP). Its corresponding coefficient is 0.061 for all
professors, it is 0.043 for SNI professors and it is 0.059 for Non-SNI professors. This makes
sense as long as dissertations can fuel professors’ scientific productivity.

The second most important factor when we analyzed all the professors is having
a researcher position (RES_CONTRACT), followed by having an administrative position
(ADM_POS). In contrast, when we analyzed SNI professors only, we observed that the
second most important factor was having an administrative position, followed by holding
a researcher position, i.e., the order was inverted. In the case of non-SNI professors,
RES_CONTRACT was the most important factor for scientific productivity; this can be
explained by newly hired (foreign) professors who had not applied to SNI.

Variables representing departments and schools (EIC, EMCS, and EGADE) captured
the differences between scientific productivity across disciplines. As can be seen, the
most productive school was Engineering and Sciences (EIC), followed by the School of
Medicine (EMCS), and then by the Business School (EGADE). The rest of the schools had
similar productivity, which is captured by the coefficients of the other factors. EGADE lost
significance when we split the sample into SNI and non-SNI professors.

4. Discussion and Conclusions

Universities have changed their functioning and structures due to the demands for
international rankings and research policies of each country. This has generated new needs
and profiles: generation of financial resources, intensive participation in research networks,
and pressure on faculty for scientific productivity, especially concerning publication in
high-impact journals, the so-called “publish-or-perish” effect.
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Scientific productivity is currently linked to institutional accreditations [17], positions
in international rankings, and patent generation [18], which function in many cases in
Mexico as a measure to encourage faculty to be more productive in research outputs. Thus,
it is not surprising that universities encourage the creation of professional profiles based
more on research than teaching [25–29].

Nevertheless, one of the most frequently asked questions when considering research
policies in universities and state institutions is whether the teaching workload is detrimental
to the scientific production of university professors. To address this issue, as the main
objective, we examined the correlation between the teaching load and the results of the
scientific production of 785 professors at a university with 31 campuses in Mexico and
22 extensions in 15 countries.

Contrary to our initial hypothesis (H1), the results showed that the number of groups
taught does not significantly influence research productivity. In other words, the teaching
load does not impede a good research productivity level. On the other hand, the second
hypothesis (H2) was demonstrated since those professors who are accredited by the SNI
or have contracts exclusively for research (e.g., postdoctoral fellows) have higher research
production than professors with exclusive teaching contracts or administrative positions at
the University.

These results align with those of Matthews & Kotzee [32], who not only value the
coexistence between research and teaching in universities but also pointed out that more
productive professional profiles are being promoted through publications, which in turn
forces them to be more effective in teaching. In other words, university professors currently
rely on research as a pillar and support for teaching, as Davis & Graham [33] and Lapoule
& Lynch [34] have also pointed out.

As a practical implication of this study, Figure 2 shows how the system used at
Tecnologico de Monterrey benefits the most prolific researchers (SNI 3) with fewer teaching
hours and fewer groups of classes as a means of extrinsic motivation to improve their
research profile quantitatively and qualitatively. Meanwhile, those without scientific
production are assigned a higher teaching and administrative load. This follows the
prevailing models of the scientific policy of the leading universities in international rankings
since there is a duality of exclusive teaching professors (non-tenure track) and lecturer-
researchers (tenure-track), which may function as a system of ladders that seeks to increase
internal competitiveness.

The findings of this research also show that graduate professors tend to dedicate
themselves exclusively to this educational level, either because of their elite professional
specialization or because they are research personnel with a high SNI level, which reduces
the teaching load at the undergraduate level. Meanwhile, those who only teach at the
undergraduate level have the least (or almost no) published research. As shown in Figure 8,
teaching at the undergraduate level harms productivity, both for junior researchers and
for professors without SNI. Thus, the data obtained in Figure 8 make visible this duality
between the non-tenure track and tenure track, whose tendency indicates that professors
who teach at the postgraduate level have a greater impact on scientific productivity and
correlates with teaching staff who accredit their SNI competence (level 2 candidates), as
shown in Table 2, and in accordance with Barra’s [17] contributions on how scientific
productivity is linked to potential institutional accreditation. Of course, it is necessary to
relativize scientific production according to the areas of knowledge since, in departments
such as Engineering and Science or Medicine, research outputs tend to be greater in quantity
than those produced in departments of Humanities or Arts, as shown in Figure 5, and in
accordance with the studies by Pischetola [6] and Regusa et al. [1]. This may be due to the
difference in the time it takes to conduct research in each area of knowledge, so quantitative
differences of this type will always be evident.

The aim of this research was to examine the correlation between teaching workload
and the scientific production outputs of university professors. It is clear that the duality
of functions and the significant increase in the workload and responsibility of university
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professors (research, teaching, and administrative management), together with competi-
tiveness, the work climate, the short time off, and, in the case of Mexico, the low recognition
and low salaries, could be generating a burnout effect or chronic work stress [36,37]. The
findings obtained from the variables (gender, school, groups, levels . . . ) in Table 1 represent
not only the teaching workload in the year but also how some contextual conditions could
influence the teacher’s scientific productivity in the following year. Results that coincide
with those presented by Flores [11] and Arista & Abbas [10] on the recognition of contextual
factors such as performance expectantly and personal dimensions. Among the contextual
variables is the teacher’s level of research competence (SNI), which is accompanied by
a financial incentive when it is higher than 0. Although the research by Gul et al. [41]
confirmed that university faculty generally have skills to manage their working hours and
switch between their roles, it was also revealed that in the face of an increase in workload,
university faculty’s time-management skills decreased.

In this sense, as future lines of research, it is urgent to evaluate in different develop-
ing countries whether this increase in workload generates a psychological and personal
dimension imbalance and a healthy environment in university faculty. And whether pro-
fessors with an exclusive research contract have a higher scientific output than those with
an exclusive teaching contract or administrative positions in the institution.
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