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 The COVID-19 pandemic has impacted human life, including educational 

settings. In Mexico, teachers and students found it necessary to adopt the 

online modality at all levels. As a result, both students and teachers face new 

demands and a re-conceptualization of their everyday academic lives. This 

study explored the engineering students' perception of the favorable effect 

level that the class context has on their learning. There were 551 participants 

took a cognitive algebra study. The experimental task involved reading 12 

scenarios that described hypothetical online or face-to-face learning 

situations; then, each participant judged the degree to which these types of 

situations favor their learning, using an 11-point scale. The results indicated 

three cognitive styles when judging the degree to which each class context 

favors the learning. These styles share a similar cognitive mechanism in 

terms of information integration; however, the selection process and 

valuation of the factors differed across the groups. The students' perception 

on the class context influences their involvement and motivation level for 

courses on which they are enrolled. The present study's findings suggest that 

the cognitive algebra approach helps diagnose students' cognitive and 

emotional approach styles for different class contexts and provides 

information about the nature of their cognitive processes in terms of how 

students' judgments and attitudes towards classes are generated. 
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1. INTRODUCTION 

Every day, millions of students worldwide attend schools and universities to take face-to-face classes. 

However, due to the isolation caused by the COVID-19 pandemic, educational institutions have changed 

from face-to-face classes to online ones to continue with the academic teaching-learning cycle. Zia [1] 

mentions that this change happened suddenly and abruptly, so there was very little time to prepare; 

consequently, the students and teachers faced a new educational scenario without the necessary training for 

modality change. 

Although the evidence indicates no significant differences between the effectiveness of online 

learning compared to face-to-face learning [2], [3], students perceive the online classes as different to those 

face-to-face [4]. They report that both class modes are helpful to increase knowledge; however, they perceive 

online classes as less effective than those face-to-face when learning skills or social competencies [5]. In this 
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line, some studies indicate that students prefer face-to-face learning activities compared to online ones [3]. 

However, few studies have explored students’ perceptions of and engagement with online learning programs 

[6] and compared students’ experiences under the two learning modalities [3]. So, it is difficult to know if the 

e-learning experiences meet the current expectations of students. Some studies indicate that students’ 

preferences regarding face-to-face and online activities vary depending on the activity type. Kemp and 

Grieve [3] observed that students prefer to carry out discussions in person while they are more inclined 

towards the online mode when it comes to written assignments [7]. 

The temporal proximity between the student’s academic action and the teacher’s feedback 

influences the student’s preferences towards a specific class delivery mode. In this regard, Kemp and Grieve 

[3] found that students tend to prefer face-to-face classes due to the immediacy of feedback compared to the 

relative delay for classes held online. Another factor that influences students’ preferences is the emotional 

connection with others during the classes. Otter et al. [8] mention that online classes generate a feeling of 

greater disconnection in students with their classmates and teachers. This factor can affect the student’s 

motivation to continue in an academic environment. Moreover, online classes require self-regulatory learning 

skills, independence, and responsibility in terms of academic training [6], [8], technological skills, and 

knowledge so that students may feel overwhelmed by online learning [9], [10]. Finding strategies for students 

to invest their energy in their primary business of “learning” rather than wearing themselves out with 

collateral concerns about their academic work would create more pleasant and productive educational 

environments for them. 

Assessing the perception of students and teachers about the quality of online education requires 

consideration of the learning sources (learning material, infrastructure, teaching), processes (guidance, 

learning delivery mode), and context [11], [12]. For example, the material that students will review during a 

class represents a central learning source for knowledge and skills acquisition. Knowing the cognitive nature 

of the material to be reviewed is relevant for choosing or creating delivery strategies that facilitate the 

students' access to information and allow them to appropriate the knowledge or skill properly. In this regard, 

two aspects of the nature of educational material are relevant. The first is the knowledge type that material 

promotes, and the second is the cognitive level at which the material is revised. Each discipline requires 

different types of knowledge to be learned: factual, conceptual, procedural, and metacognitive [13], and that 

these can be handled at different cognitive levels (remembering, understanding, applying). 

Paechter and Maier [14] found that students know which class mode promotes the cognitive 

processes underlying the achievement of academic objectives. According to this study, students prefer face-

to-face learning when acquiring conceptual knowledge or skills for applying knowledge. This preference is 

marked when students consider that interaction with the teacher is helpful building terms of building their 

knowledge. However, when they are acquiring regulated learning skills, they prefer online learning. On the 

other hand, Paechter and Maier observed that students' preferences for online or face-to-face activities 

changed depending on the task objective. Students preferred face-to-face delivery for tasks that involved 

cooperative learning or the exchange of meanings. Where the objective was disseminating information to 

other classmates, students favored the online mode. Familiarity, self-efficacy, and technology skills level are 

factors that affect student preference. Salloum et al. [15] found that students' computer self-efficacy, when 

they use the computer, positively influences the level of acceptance of e-learning. 

In general, most of the research in this field comprises studies focused on identifying the factors 

influencing students' judgments and preferences towards the different delivery modes for classes and the 

materials presented. In this regard, the empirical evidence available indicates that the type of activity to be 

carried out, the objective and nature of the class material, the immediacy of feedback, the degree of 

involvement and connection that students experience in the activities influence students’ preferences in terms 

of class mode. However, Kemp and Grieve [3] point out that it is difficult to determine the specific 

differences in the influence of these factors in terms of the delivery mode for each class because few studies 

directly compare the contribution of these factors across different class modes. On the other hand, as far as 

the authors know, there are no studies about how the situational, individual, and contextual factors act 

together on the students' preferences for online or face-to-face classes. 

One way to approximate these two problems is to explore the phenomenon from an integrationist 

perspective that allows the contribution of each of the factors to be determined separately and jointly in 

elaborating student preferences. In this regard, the inclusion of studies based on information integration 

theory (IIT) [16] may be an optimal alternative for this purpose. IIT proposes that there are psychological 

laws that govern the processing of information. These laws influence human thought and action. According 

to IIT, people systematically select and integrate the information they extract from their internal and external 

environment through information processing modes called cognitive algebraic rules. Three psychological 

laws of information integration: averaging, adding, and multiplying, are the expressions of the systematic 

modes of thinking [16]–[18]. 
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The cognitive mechanism of these psychological laws involved three cognitive processes. First, 

people select bits of information from their internal or external environment that they consider relevant. 

These pieces of information are then subjected to a valuation function (V) to assign a psychological value to 

each one. The person's mind combines these values in an implicit response (r) through an information 

integration function (I), and this mechanism ends in the generation of an observable response through the 

response function (R) [16], [17], [19]. 

The cognitive mechanism of the valuation, integration, and response is present across different 

human life domains [16], [17], [20]–[23]. In the educational field, Morales-Martinez et al. [24] mention that 

there are cognitive algebra studies that explore the cognitive rules underlying the attitudes of teachers and 

students regarding the inclusion of people with disabilities [25], [26], mathematical self-efficacy [27], [28], 

desire to cheat academically [29], and test anxiety [25], [30]. These studies suggest that there is a systematic 

way of processing academic situations. However, there are no studies on systematic thinking modes 

underlying the judgments about how favorable the class context is for students’ learning, as far as the authors 

know. Therefore, in this work, it was interesting to observe how different factors are integrated into the 

student's mind to form a judgment about the degree to which the class context favors their learning. 

Due to COVID-19, 3,942,544 students who are enrolled in university programs/secretary of public 

education (SEP) [31] in Mexico are receiving their academic training through online classes. Students have 

had to face internet access problems, the challenge of learning new digital skills in a short time, the change in 

family dynamics, problems with adapting a suitable space to take online classes, among other difficulties. 

Also, the new digital context has changed how information is delivered to students and teachers. These 

contextual and individual factors affect online learning and teaching [1], [32] and students' attitudes toward 

the class mode. 

This work explored the perception that engineering students have about the favorable effect level 

that the class context exerts on their learning. First, the authors identified the factors with the greatest weight 

when students make their judgments. Second, the authors determined if there was a systematic information 

integration mechanism underlying the perceived favorable effect level (P-FEL) of class context on students’ 

learning. In order to do this, the authors examined if there was a linear function underlying P-FEL among 

students: 

 

P-FEL=f(wCKT Class’s knowledge type * wCM Class’s delivery mode* wTF Tecaher’s feedback) 

 

P-FEL results are based on a cognitive operation (*) that combines the relevance weights (w) given 

by participants to the factors that they consider to be relevant. 

 

 

2. RESEARCH METHOD  

This study explored students’ judgments about the degree to which the class context favors their 

learning through an experimental study based on the paradigm of cognitive algebra. From this perspective, 

human beings form their judgments using three cognitive processes: V, I, and R. Here, the intention was to 

determine these three functions in the engineering students' response patterns when forming their judgments. 

 

2.1. Design 

The authors used a within-subject design. This factorial design orthogonally combined three factors 

and their sublevels: class knowledge type (declarative versus procedural), class delivery mode (face-to-face 

versus synchronous online versus asynchronous online), and teacher feedback (immediate versus delayed). 

From this experimental design, the authors obtained 12 experimental conditions. 

The model to select the factor levels was fixed; the authors chose the factors and their experimental 

levels based on empirical evidence about what variables affect students’ attitudes and perceptions concerning 

face-to-face and digital educative environments. For example, there is broad agreement among learning 

connoisseurs that knowledge learned in a school environment can be classified as either declarative and 

procedural. Students process semantic information about different knowledge domains and learn procedural 

skills inside the classroom [13]. Additionally, the authors selected the levels for class delivery mode based on 

the class modes used in Mexico since the start of the COVID-19 pandemic. Furthermore, only a handful of 

studies explore students’ perceptions and engagement in online learning programs and compare students' 

experiences under the two learning modalities [3], [6]. Consequently, these levels have practical and 

theoretical relevance for this study. Finally, teacher feedback levels are based on empirical evidence from 

various studies pointing out the effect of this factor on students’ preferences for a specific class delivery 

mode [3]. 
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2.2. Instrument 

The experimental conditions were the basis for creating the instrument that comprised 12 

experimental scenarios. Each one described the context in which the student experienced a class. Each story 

was accompanied by a question about the favoring degree students believed the described context would 

exert on learning and an 11-point scale for them to indicate their judgment on this (Figure 1). 

 

 

 
 

Figure 1. Example of an experimental scenario 

 

 

2.3. Participants 

The participants were 551 engineering students (29% female, 71% male). Their ages ranged 

between 17 and 33 years old (M=19.58, SD=1.67). All the participants were volunteers without financial 

remuneration. 

 

2.4. Procedure 

The study comprised three phases. First, the authors sent electronic invitations to ask students to 

participate voluntarily in the study through a digital survey platform and e-mail. During the second phase, 

participants provided their informed consent, demographic data, and they could view the instructions and 

access a practice phase of the study. This was so that participants to gain familiarity with the experimental 

task. The third phase was the application of the study. Here, the participants read the 12 experimental 

scenarios one by one and judged the degree to which the class context described in each experimental 

scenario would favor their learning. The time required for the application of the instrument ranged between 

20 and 30 minutes. 

 

 

3. RESULTS AND DISCUSSION 

After the authors determined that there were no statistically significant differences by gender 

[F(1,549)=.267, p=.60, p
2=.0004]; they applied two statistical analyses to the participants' raw data. First, a 

cluster analysis allowed us to determine if there were different cognitive patterns in responses across the 

sample. Hofmans and Mullet [19] recommend using a nonhierarchical centroid-based method to observe 

cognitive patterns because this technique is resistant to extreme values and is less sensitive to irrelevant 

variables and the distance measure used [33]. 

Subsequently, the authors applied a mixed ANOVA to determine the clusters' discriminability and 

applied a repeated-measures ANOVA to each cluster's data to observe the cognitive functions V, I, and R. 

Since ANOVA interaction graphs allow the participants' cognitive patterns to be observed [18], these tools 

were used to observe this study's cognitive rules. For example, the summative cognitive rule is characterized 

by a parallel curve pattern, while the multiplicative rule is expressed through a linear fan pattern [16]. 

 

3.1. Cluster analysis 

The cluster analysis (Euclidean distance, K-means) identified three different sets of responses 

among the participants (p
2=.79). The first one (N=159, 29%) included participants with the lowest scores 

(M=3). The second group (N=233, 42%) was typified by moderate scores (M=5), while the third group 

(N=159, 29%) showed high scores (M=8). 

 

3.2. Mixed ANOVA 

The authors applied a mixed ANOVA to the raw data in line with the following design 3 (cluster: 

low versus moderate versus high level) x 2 (class knowledge type: declarative versus procedural) x 2 (class 

delivery mode: face-to-face versus synchronous online versus asynchronous online) x 2 (teacher’s feedback: 

immediate versus delayed). The level of significance was p<.001. 

This semester you will review a topic with many concepts. You must learn much 

theory. However, due to COVID-19, you will have to take the class in an online 
mode. You will see the class recorded through a platform. Questions will be 

resolved through forums and e-mails outside of class hours. Under these conditions: 

 
How much do you think this situation would favor your learning? 

Not at all 0--0--0--0--0--0--0--0--0--0--0 Very much 
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There was a statistically significant difference in the P-FEL among the clusters 

[F(1,548)=25291.632, p=.001, p
2=.79]. There were three factors that had a significant effect: class delivery 

mode [F(2, 1096)=508.078, p=.001, p
2=.48], teacher’s feedback [F(1,548)=200.521, p=.001, p

2=.26], and 

class knowledge type [F(1,548)=50.735, p=.001, p
2=.08]. The knowledge type factor was relevant only to 

cluster 2 (p
2=.20). The analysis pointed to several significant interactions among the factors. In addition, the 

authors explored the specific patterns of these effects in each cluster by using a repeated-measures ANOVA. 

 

3.3. Repeated-measures ANOVA 

For each identified cluster, a repeated-measures ANOVA of 2x3x2 was carried out based on the 

factors: class delivery mode, teacher’s feedback, and class knowledge type. The level of significance was 

p<.001. In general, the results indicate that there are three different styles for P-FEL. There were differences 

among clusters throughout the three cognitive processes (V, I, R). For example, clusters 1 and 3 used a 

bifactorial model to make their judgments, while cluster 2 used a three-factor mental model. Table 1 shows a 

statistically significant effect on the class mode and feedback factors across all three clusters. Cluster 2 was 

the only one that considered the class knowledge type factor to be relevant in its judgments, with a moderate 

effect size. 

 

 

Table 1. ANOVA results for each cluster 
Cluster Source df MS df MS F p p

2 

Cluster 1: Low level of 
perceived favorable 

effect 

Knowledge type (K) 1 10.867 158 3.219 3.375 .06 .02 
Class mode (M) 2 3112.023 316 10.310 301.830 .000 .65 

Teacher’s feedback (F) 1 404.027 158 5.123 78.861 .000 .33 

K*M 2 81.004 316 2.821 28.713 .000 .15 
K*F 1 4.245 158 2.193 1.935 .16 .01 

M*F 2 67.359 316 2.499 26.951 .000 .14 

K*M*F 2 2.878 316 1.960 1.468 .23 .009 

Cluster 2: Moderate 

level of perceived 

favorable effect 

Knowledge type (K) 1 490.429 232 8.254 59.415 .000 .203 

Class mode (M) 2 1116.792 464 5.554 201.064 .000 .203 

Teacher’s feedback (F) 1 1044.592 232 8.334 125.340 .000 .464 
K*M 2 251.925 464 4.243 59.367 .000 .203 

K*F 1 6.137 232 2.070 2.964 .086 .012 
M*F 2 84.792 464 2.012 42.142 .000 .153 

K*M*F 2 29.519 464 1.777 16.606 .000 .066 

Cluster 3: High level of 
perceived favorable 

effect 

Knowledge type (K) 1 42.570 158 4.805 8.857 .003 .053 
Class mode (M) 2 133.165 316 4.282 31.093 .000 .164 

Teacher’s feedback (F) 1 140.088 158 4.809 29.130 .000 .155 

K*M 2 40.001 316 2.244 17.820 .000 .101 
K*F 1 11.635 158 2.573 4.521 .035 .027 

M*F 2 316 16.620 1.84 8.991 .000 .053 

K*M*F 2 316 .884 1.636 .540 .583 .003 

 

 
The three clusters perceived that the face-to-face class mode was most advantageous for their 

learning (Table 1 and Figure 2). This judgment was particularly strong in cluster 1. Moreover, the data from 

cluster 2 suggest that when the knowledge is procedural, the class delivery mode and the teacher’s feedback 

affect students' perceptions to a greater extent (Figure 2). 

Related to function I, the cluster 1 participants perceived a context's low favorable effect level on 

learning in all experimental scenarios. They used two out of three factors to form their judgments and 

integrated them into a multiplicative cognitive rule: P-FEL=f (class delivery mode x teacher’s feedback). 

Figure 2 shows a fan pattern that indicates a systematic interaction between the two factors. Cluster 2 used 

three factors to form its judgments and integrated them through the following function: P-FEL=f (class 

delivery mode x teacher’s feedback x class knowledge type). Meanwhile, cluster 3 judged the P-FEL by 

multiplying two factors: P-FEL=f (class delivery mode x teacher’s feedback). 

Finally, about function R, the authors observed three types of responses among the participants; a 

specific P-FEL characterized each cluster. Cluster 1 showed a relatively low P-FEL for all the experimental 

conditions. Cluster 2 judged that the contexts described in the scenarios favored their learning at a moderate 

level, while cluster 3 indicated that the circumstances described in the scenarios favored their learning at a 

high level. 
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Figure 2. Interaction graphs for the factors that obtained statistically significant effect in each cluster 

 

 

4. DISCUSSION 

The way students perceive classes and their effects on learning influence student motivation to 

persevere and achieve their academic goals. This study examined three cognitive processes (V, I, R) involved 

in generating judgments about the P-FEL of class context on students’ learning. In general, the results 

indicated the existence of three cognitive styles to elaborate favoring judgments (Table 1 and Figure 2). 

These judgment styles were characterized by different cognitive patterns in the selection and valuation of the 

factors (V), in the information integration mechanism (I), and the explicit response (R). 

Concerning the factor selection mechanism, the data indicated three cognitive models for selecting 

factors. Clusters 1 and 3 used a bifactorial cognitive model to judge the favoring degree for learning. 

Meanwhile, cluster 2 used a tripartite model to elaborate its judgments. Interestingly, in IIT studies in other 

academic life domains (test anxiety), some groups with moderate judgment tend to have a broader range of 

factor selection than clusters with lower or higher scores on the phenomenon measured [24]. The reasons for 

these results are not clear; thus, exploring the nature of this finding would offer information about whether 

this selection mechanism is characteristic of all groups that show moderate judgments in other phenomena. If 

this is the case, this would suggest that when people’s cognitive system presents a moderate level of tension 

or excitement, the cognitive factor selection mechanism seems to be more receptive to a more significant 

number of elements that allow it to balance the judgments by taking into account a bigger picture of the 

situations or scene. 

Relating to the V function, each grouping showed a different valuation pattern for the selected 

factors. The most critical factor for the three groups was the class delivery mode. For all groups, the most 

favorable perception was for the face-to-face class mode, followed by the synchronous online mode and 

finally the asynchronous online mode. This result coincides with the observations of previous studies [4], [5] 

that students perceive both modes of delivery differently and tend to prefer the face-to-face mode [3]. An 

interesting variable to consider is that the student sample made their judgments in the context of two months 

of taking online classes given confinement due to COVID-19. Students were uneasy because they wanted to 

go back to face-to-face classes and mentioned that online classes were not as much to their liking. The 

authors believe that this new condition broke the expectation of continuing the semester in person, and it 

would be essential to measure these preferences in a sample more familiar with the digital education world 

since one of the factors affecting students' attitudes to online classes is self-efficacy and preparation 

regarding the use of technological tools [15]. 



Int J Eval & Res Educ  ISSN: 2252-8822  

 

Engineering students’ judgments on the favorable effect that the … (Guadalupe Elizabeth Morales-Martínez) 

7 

The second most relevant factor for the students was the level of access to feedback. All three 

groups judged that more immediate feedback was more conducive to their learning. The immediacy of 

feedback is among the most significant factors determining whether students prefer face-to-face classes or 

not [3]. From the present authors' point of view, immediacy of feedback plays an essential role because it 

provides students with a significant feeling of connection with their teachers or classmates. In this regard, 

Otter et al. [8] noted that students feel more disconnected from their peers and teachers in online courses. 

The knowledge type factor was relevant only for cluster 2. The authors assume that this result may 

be related to the metacognitive abilities of the students. Paechter and Maier [14] noted that students could 

infer the class mode that best suits them according to their knowledge about the nature of the material and the 

activities they will carry out in class. For example, in this study, the participants in cluster 2 showed a greater 

feedback effect when the class was face-to-face and the knowledge type for learning was procedural. This 

finding may indicate that this group considered that procedural learning could be learned more efficiently in 

face-to-face classes than in online classes. One of the students commented that he felt that it was challenging 

to acquire learning concerning carrying out calculations and operating machinery online. These data suggest 

the need to implement digital teaching strategies that are more in line with the knowledge type that the 

teacher or educational system intends to promote as the learning objective.  

With regard to function I, the three clusters presented a multiplicative information integration 

mechanism. It is interesting to observe how the class mode does not have the same effect across all feedback 

factor levels. In cluster 2, this multiplicative effect can be observed to a greater extent when the learning is 

procedural. This result sheds light on how the student's mind approaches judgments about preference for a 

particular class mode. 

Regarding the R function, the data indicated three cognitive patterns (low, moderate, and high  

P-FEL). IIT studies in other academic development fields found similar cognitive behavior among students 

[24]. The diversity of cognitive patterns related to the R function suggests that the students have different 

cognitive and affective approaches to the academic context. As the authors mentioned, in relation to the 

moderate judgment cluster, the participants generated their judgments on the basis of the class context (mode 

of delivery, feedback immediacy). Furthermore, they included a factor related to a metacognitive aspect to 

weigh the context in their equation since they appeared to contrast the nature of the learning with the 

resources available in the class delivery mode. They then judged that the learning of a procedural skill was 

not necessarily guaranteed with the online tools available. The authors assume that if the appropriate means 

of imparting procedural skills were available, students' judgments would probably be different. 

On the other hand, in contrast with the studies only provide information on preferences globally, this 

study provides information about three levels of preference concerning specific class modes. In order to 

reveal the reasons for these different styles, new research should include other variables such as the student's 

cognitive flexibility, the ability to adapt to changes, and metacognitive skills. One of the study's limitations 

was the lack of an instrument that measured students' levels of learning self-regulation. Since online learning 

by definition requires the student to have a higher level of independence and self-motivation for learning [6], 

[8], the preference for face-to-face classes may be related to the perception that they have about their self-

efficacy to regulate their learning and manage technologies efficiently to achieve their academic objectives. 

Thus, this study makes way for new studies that consider new variables and explore the cognitive integration 

mechanisms that underlie students' mental and affective activities in any mode of class delivery. 

 

 

5. CONCLUSION 

In sum, the participants judged that the P-FEL of class context on students’ learning was highly 

dependent on the class delivery mode. Students showed a greater preference for a face-to-face environment. 

The three groups identified were able to use a systematic way of thinking to make their judgments. The data 

indicated three ways to approximate this systematic way of thinking, all of them characterized by a 

multiplicative cognitive rule. Two groups of students with low and high judgment used a bifactorial model to 

elaborate their judgments. They selected two of the three factors evaluated, while the moderate cluster used 

the three pieces of information. The difference in the selection mechanism between clusters 1 and 3 and 

cluster 2 may be related to a metacognitive ability factor present in the moderate judgment cluster. 

The study results suggest that the inclusion of algebraic instruments can help diagnose students' 

judgments, perceptions, and attitudes to their learning experiences. Furthermore, as shown in this work, this 

approach allows comparisons to be made between different class modes when considering the same factors in 

each situation. Then, IIT tools help identify the levels of judgment among students. They also determine the 

isolated and joint contributions of the factors to any phenomenon and compare these two aspects in different 

situations and samples. 
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