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Abstract

:

Biomedical engineering (BME) is one of the fastest-growing engineering fields worldwide. BME professionals are extensively employed in the health technology and healthcare industries. Hence, their education must prepare them to face the challenge of a rapidly evolving technological environment. Biomedical signals and systems analysis is essential to BME undergraduate education. Unfortunately, students often underestimate the importance of their courses as they do not perceive these courses’ practical applications in their future professional practice. In this study, we propose using blended learning spaces to develop new learning experiences in the context of a biomedical signals and systems analysis course to enhance students’ motivation and interest and the relevance of the materials learned. We created a learning experience based on wearable devices and cloud-based collaborative development environments such that the students turned daily-life scenarios into experiential learning spaces. Overall, our results suggest a positive impact on the students’ perceptions of their learning experience concerning relevance, motivation, and interest. Namely, the evidence shows a reduction in the variability of such perceptions. However, further research must confirm this potential impact. This confirmation is required given the monetary and time investment this pedagogical approach would require if it were to be implemented at a larger scale.
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1. Introduction


Biomedical engineering (BME) is defined as a discipline that “integrates physical, mathematical, and life sciences with engineering principles for the study of biology, medicine and health systems and for the application of technology to improving health and quality of life” [1]. With 117,935 biomedical engineers distributed in 129 countries in 2015, BME is one of the fastest-growing engineering fields worldwide [2,3]. BME professionals are extensively employed in the health technology and healthcare industries, hospitals and other institutions, academia, government institutions, and national regulatory agencies. Indeed, the World Health Organization (WHO) recently recognised that biomedical engineers play a critical role in the evolution of healthcare systems. Hence, BME education needs to prepare future biomedical engineers for the challenge, equipping them with new skills with which to apply their knowledge and tools of analysis, design, and implementation for problem solving within complex healthcare systems [4].



Biomedical signals and systems analysis is essential to BME undergraduate education [5,6]. Biomedical signal analysis entails extracting helpful information from biological and medical signals for diagnostic and therapeutic purposes [7]. For instance, cardiac signals can be studied to determine whether a patient is susceptible to a heart attack. Muscle signals can be analysed to extract features later used to control artificial limbs. Furthermore, analysing biomedical signals enables the characterisation of the systems that originate or manipulate them. For example, studying brain signals can lead to a deeper understanding of brain function during sleep. Thus, the “biomedical signals and systems analysis” course represents an opportunity to apply theoretical concepts and mathematical tools to real-life problems.



Despite the relevance of their future profession, BME undergraduate students frequently underestimate the importance of their courses as they do not perceive their practical applications in their future professional activities [5]. Thus, they show a lack of interest and motivation, which leads to suboptimal competency development. Such a gap may be reduced by implementing activities that allow students to build their knowledge in an immersive and engaging real-world scenario [8].



Several mechanisms have been identified to provide BME students with hands-on experiences throughout the curriculum, increasing their learning and engagement and promoting their preparedness to pursue careers in industry, academia, or elsewhere [5]. These mechanisms include computer simulation, laboratory experiments, design courses, guest speakers, industry-sponsored design projects, hospital field trips, placements at medical device companies, and internships. Additionally, instructional methods such as project-based learning (PBL) and challenge-based learning (CBL) have been proposed to improve BME education [9,10,11]. These methods collaboratively engage students in developing solutions to real-world problems concerning crucial concepts in the discipline, thus fostering disciplinary knowledge and creative thinking skills. Moreover, these methods have been found to increase students’ motivation and awareness of the connections between their in-class experiences and their future work [9,10,11].



In this work, we propose the use of blended learning spaces that combine direct instruction, experiential learning in daily-life scenarios, and cloud-based collaborative development environments in a “biomedical signals and systems analysis” course from the perspective of a teaching practice. Our proposal is grounded in an innovative concept of the “experiential learning space” previously presented [12,13]. Notably, we incorporate wearable devices as the enabling technology for experiential learning activities to record physiological and behavioural signals in everyday scenarios. In doing so, we intend to increase students’ perceived relevance of, interest in, and motivation for the course content and learning outcomes to improve their academic performance and competency development.




2. Theoretical Framework


The proposition of blended learning spaces for experiential learning supported by wearable technology and cloud-based collaborative development environments requires a clarification of the notions of relevance, interest, and the expected contribution to competency development in this work. These ideas are integrated into the fundamental assumptions behind the development of relevant learning experiences in the proposed blended learning spaces.



2.1. Relevance, Interest and Academic Performance


The term “interest” describes two different experiences: (1) an increased psychological state of attention, concentration, and affection experienced at a given time (situational interest), and (2) a durable predisposition to become involved with an object or a subject throughout time (personal interest) [14,15]. Situational interest combines affective (e.g., enthusiasm) and cognitive (e.g., perceived value) qualities produced by the characteristics of the situation (e.g., novelty) [15]. Experiencing situational interest promotes learning by increasing attention and dedication to the subject [16]. If it shifts to a personal interest, it is more likely for the student to dive deeper and become more involved in the topic. Thus, interest is a predictor of academic performance and, as a result, of competency development [17]. Such a transition from situational to personal interest arises when the assignments are perceived as relevant [14,16]. In this sense, relevance in education is considered to trigger interest as there is usefulness or practicality in preparing people to perform their current or future jobs or tasks competently under certain existing circumstances and requirements [8]. Therefore, using relevant situations in learning experiences becomes paramount for competency development as it highlights a purposive aspect of learning and the expected contribution students could obtain from their studies or what they learn. However, a question remains about the definition of “how to learn”, that is, the educational approach to facilitate students’ learning. To progress in this direction, different approaches might be considered. However, meaningful and long-lasting alternatives based on a constructivist student-centred approach are required [18]. This view calls for “experiential learning”, which is claimed to be more effective than any other form of learning as it enhances the motivation to learn by supporting the active participation of students in the learning process to code and construct learning within their condition and reality [19].




2.2. Experiential Learning


Experiential learning has been proposed to contribute to students’ learning in a meaningful and long-lasting way because of the emphasis on learning-by-doing and experimentation [19]. Learning is considered to naturally occur as part of a continuous meaning-making process through personal and environmental experiences in which students develop interest and recognise relevance in their learning [20]. Experiential learning involves a four-stage circular feedback process known as Kolb’s Experiential Learning Cycle, in which concrete experience (CE), reflective observation (RO), abstract conceptualisation (AC), and active experimentation (AE) take place in a continuous learning loop [21]. Accordingly, two major interacting domains in which learning occurs can be recognised as part of the learning cycle. On the one hand, there is an intellectual or conceptual domain in which people think and reflect on a situation. On the other hand, there is an operational domain in which people experience and act in the situation. Hence, learning can be seen as a circular process composed of intellectual activities that guide students’ actions, whereas practical activities and tasks provide feedback for conceptual knowledge in a specific context. This idea is crucial for translating educational activities into experiential learning, considering both types of conceptual and practical domains of learning [22].



Therefore, approaching learning from this perspective requires a different understanding and an action framework to conceptualise, organise, and implement meaningful learning activities as learning experiences linked to real-life environments and reflective practices. Moreover, experiential learning has become highly important as there is a current orientation in education towards CBL and competency-based education (CBE) to develop abilities in students through hands-on experiential learning activities. Experiential learning emphasises involving individual students in meaningful situations where they can build their knowledge from problem-solving or decision-making in real-world scenarios.



The ideas of experiential learning relate to other works promoting the active participation of students in such a way that they undertake a hands-on, learner-centred, collaborative, and situated type of learning [18,23,24]. This type of learning calls for moving educational approaches from a knowledge-broadcasting type of teaching in which students sit and listen to a constructivist alternative in which students learn by executing tasks in a thoughtful way while immersed in a meaningful situation [18]. The theory of experiential learning has been criticized for overseeing personal, psychological, and contextual conditions affecting, for instance, learning modes, learner types, learning styles, knowledge creation, and whether learning occurs in identifiable stages [25]. However, it is also recognised for its popularity and wide use in teaching practice [26].




2.3. Blended Learning Spaces for Biomedical Engineering Education


A learning space is commonly recognized as a location or physical place where learning occurs [27]. This might be the case of a classroom, laboratory, or workshop. Learning spaces are claimed to integrate educational approaches, technology, and resources to develop learning outcomes [28]. That is, learning spaces represent the way educators conceptualise teaching and learning [29]. However, it is increasingly argued that learning spaces are primarily ineffective as learning environments, especially when referring to traditional classrooms [30]. For instance, many Higher Education students in traditional learning environments cannot collaborate and apply much of what they have been taught. One possibility for this phenomenon is that classrooms are used to support the lecturing of content to passively listening students. Learning spaces should support effective learning in terms of active participation and collaborative work, considering the needs of learners, and facilitating learning wherever it takes place [30].



Thus, learning spaces should transcend locations and physical infrastructure to incorporate the whole dynamics of learning in different types of venues or environments. As educational resources, learning spaces should also allow for the incorporation of devices that enrich and enhance learning. This is the case with information technologies such as computers, gadgets, and specialized software, but also for devices that leverage learning with remote/online web-based alternatives across diverse scenarios [31]. Therefore, learning spaces must adopt a broader view away from the traditional, physical classrooms or academic locations. Instead, there should be a variety of real, virtual, hybrid, or blended learning spaces supporting learning synchronously or asynchronously in ubiquitous scenarios.



In science, technology, engineering, and mathematics (STEM) education in particular, several digital technologies have been proposed as didactic tools for enriching traditional learning spaces and facilitating active learning activities, thus improving the teaching–learning process [32]. Among these technologies are mobile devices (e.g., smartphones and tablets), web-based learning platforms (see, for instance, [33]), virtual environments (e.g., Second Life [34]), digital games (e.g., Minecraft Education Edition), robots (e.g., LEGO Mindstorms NXT [35]), virtual labs (see [36] for a review on the topic), virtual reality (see, for instance, [37]), and even social networks (e.g., Facebook [38]). Previous studies have reported that these technologies are effective in improving learning outcome gains [39], increasing students’ engagement and motivation [40,41], and fostering their cognitive and creative skills [39,42], among other benefits [32].



In this work, we consider learning spaces as those venues or environments where purposeful learning occurs, inside or outside of the classroom, and which support the contact, interactions, communications, and collective (or individual) actions that students undertake to produce their learning outcomes in different instructional formats over time [12]. This conceptualisation is extended to experiential learning spaces for BME education in which students can learn about improving health and the quality of life in diverse and relevant simulated, contrived, or real-world scenarios or situations. Learning spaces, in this case, can exist within dedicated teaching facilities within universities, healthcare institutions, or any suitable daily-life location. Accordingly, this view calls for adopting the necessary technologies and resources to support learning inside and outside classrooms, laboratories, and universities.



One possible strategy for undertaking this conceptualisation of learning spaces involves using Information and Communication Technologies (ICT). For example, a study on ICT used in higher education by Zweekhorst and Maas found that students deemed lectures using ICT tools more engaging [43]. Moreover, Cuetos Revuelta et al. found that faculty attributed a high capacity for students’ motivation and stimulation to using ICT in teaching [44]. Therefore, this work leverages the potential of using cloud-based collaborative development environments such as Google Collaboratory to foster students’ motivation and engagement.



A further possibility involves the use of wearable devices. Wearables refer to “any miniaturized electronic device that can be easily donned on and off the body, or incorporated into clothing or other body-worn accessories” [45]. Wearable technologies are traditionally used to measure and monitor vital human signs using head, wrist, or chest-based gadgets for well-being, leisure, sports, and healthcare applications in different situations and under various conditions. Nevertheless, there is a growing interest in using and deploying them to facilitate teaching and learning, as they are regarded to help collect data across multiple disciplines and improve students’ satisfaction and learning [46].



In healthcare, wearables have been successfully used to improve patients’ health literacy, treatment engagement, adherence to indications, medical follow-ups, and sociality, among others [47]. However, limitations exist because of their reduced scope of monitoring variables and the accurate measurement of health markers. As these limitations are overcome, wearables have a promising future in expanding the clinical repertoire of patient-specific measures and becoming an essential tool for precision health [47]. In the meantime, there is an increasing interest in wearables as an emergent technology and for training clinician professionals.



In higher education, wearables have been identified among the technologies transforming teaching practices, given their potential to support improved learning experiences [48,49,50]. This technology improves students’ interaction and engagement and enables the implementation of active learning [48]. Furthermore, the potential of wearables to facilitate distance teaching and learning and to compensate for the absence of physical learning spaces (for instance, during the COVID-19 sanitary restrictions and requirements for social distancing) has also been signalled [50]. In contrast, a high cost and potential privacy issues have also been signalled as drawbacks of their use in education [48,50].



In BME education, wearables can be used to train students to collect data and learn about their use, applicability, and limitations. For instance, Kanna et al. incorporated a custom-made wearable device in classroom activities to allow students to collect and analyse their electrocardiogram and breathing data [51]. According to the authors, most students considered the course intellectually stimulating, enabling them to learn concepts not practically covered in the curriculum, and enhancing their creativity and curiosity [51]. However, the full potential of wearables was not exploited since they were only used in the classroom.



Therefore, the use of wearables in this work is demonstrated in three parts. First, wearables are considered part of a learning space as an educational resource to take learning outside the classroom and universities into everyday scenarios. Second, wearables improve students’ learning experience by carrying out hands-on activities to increase their interest, motivation, and learning relevance. Third, wearables are used to collect data for disciplinary learning and research purposes within BME education.





3. Materials and Methods


The learning experience presented in this paper was implemented at Tecnologico de Monterrey (hereafter referred to as Tec), a private, non-profit university with 26 campuses in Mexico. Tec’s novel educational model, known as Tec21 Model, provides CBE grounded in learning experiences aiming to develop disciplinary, program-specific, and transversal skills that will allow students to face the opportunities and challenges of the 21st century [28]. Tec21 Model relies on three pillars:




	
Flexible, personalised programs of study. Programs of study are divided into three stages:




	
Exploration: a three-term stage (i.e., 1.5 years) during which students obtain the foundational knowledge and skills of a discipline or area of study (e.g., engineering). Students are expected to choose a specific academic program by the end of this stage.



	
Focus: a three-term stage (i.e., 1.5 years) during which students obtain the core knowledge and skills of their chosen academic program (e.g., biomedical engineering).



	
Specialisation: a two-term stage (i.e., one year) during which students delve into their chosen area of specialisation (e.g., rehabilitation engineering). Various learning opportunities are made available to the student to achieve this specialisation. Among them are minor and study abroad programs, internships, and undergraduate research experiences.








	
Challenge-based learning, as the core pedagogical approach. CBL involves students working with stakeholders to define a challenge that is real, relevant, and related to their environment and collaboratively develop a suitable solution. Other active learning methods such as problem-based learning (PrBL) and research-based learning (RBL) are also used in some courses.



	
Inspirational professors, defined as professors who are experts in their field and are/have actively engaged in research or professional activities. They are responsible for identifying the challenges or problems to be tackled by students and creating the active learning environments that will trigger the development of disciplinary, program-specific, and transversal skills.








More specifically, the learning experience reported in this paper was implemented in a biomedical signals and systems analysis course from the Bachelor of Science in Biomedical Engineering program. Further details about the course context, objectives, and structure; the proposed learning experience’s definition and structure; the assessment tools used to collect data about its impact; and the statistical methods used to analyse the data are provided below.



3.1. Course Context, Objective and Structure


The biomedical signals and systems analysis course is required for second-year students in the BME undergraduate program at Tecnologico de Monterrey. This course is typically part of the fourth term of the program and thus belongs to the “Focus” stage. Hence, it is one of the first BME disciplinary courses students take during their undergraduate studies.



This course addresses the application of analytical methods and computational simulation and modelling tools to analyse biomedical signals and systems. The course requires prior knowledge of statistics, calculus, differential equations, numerical methods, and basic human biology and physiology. As a learning outcome, the student applies time- and frequency-domain analysis methods to characterise biological and physiological signals and systems analytically and numerically. Moreover, this course promotes the development of three competencies—one program-specific and two transversal:




	
Biomedical data analysis and modelling: the student analyses biomedical data using statistical methods, signals and systems analysis and modelling methods, and computational tools (program-specific).



	
Critical thinking: the student assesses the soundness of their own and others’ arguments to make judgements (transversal).



	
Digital culture: the student uses digital technologies to create value in different spheres of action (transversal).








The biomedical signals and systems analysis course runs for ten weeks with four classroom hours per week, including lectures and supervised learning activities (e.g., computer simulations). In addition, students are expected to spend up to four additional hours per week on course assignments to reach the learning outcome.



The course is organised into five modules (Table 1). The first three modules cover fundamental concepts in biomedical signals analysis. These modules are delivered over the first half of the course (i.e., five weeks), hereafter referred to as period 1. The fourth and fifth modules cover core concepts in biomedical systems analysis. These modules are delivered over the second half of the course, hereafter referred to as period 2.



The learning experience reported in this paper was implemented in the spring 2022 term. Forty-eight students enrolled in two sections, which were randomly assigned as control (n = 26) and experimental (n = 22). The same professor taught both sections.




3.2. Learning Experience Definition and Structure


The biomedical signals and systems analysis course uses research-based learning (RBL). In RBL, the course content are extensively connected with inquiry-based activities, and the experiences of the teaching staff in research are strongly integrated into the students’ learning activities [52,53]. This pedagogical approach allows students to develop analysis, reflection, and argumentation skills and discipline-specific knowledge and skills [54,55]. Other benefits of RBL for faculty and students are students’ increased engagement and satisfaction with the course and their confidence as independent thinkers [55]. Due to its nature, RBL is related to other inquiry-based approaches, such as PrBL [53].



Accordingly, the biomedical signals and systems analysis course is organised around two RBL experiences: one for the signals-related and one for the systems-related course content (i.e., periods 1 and 2, respectively). These learning experiences concern a “problem situation”, i.e., a situation or scenario posing a problem that requires acquiring and applying knowledge and skills to be solved. This problem situation leads to some research questions. Notably, the learning experience described here addresses only the signals-related course content; thus, it is implemented over period 1. Specifically, the problem situation for period 1 requires students to characterise a biomedical signal using time- and frequency-domain analysis methods and tools.



Students in the control group addressed the problem situation initially proposed by the course designers. In this situation, students analyse signals from a public dataset available in PhysioNet [56,57]. This dataset contains electrocardiography (ECG), skin conductance, and respiration signals from 57 spider-fearful individuals watching spider video clips [58]. These individuals were split into three experimental groups, each receiving different training in biofeedback techniques to control anxiety and stress [58]. In particular, students in the control group performed a heart rate variability (HRV) analysis to investigate potential differences between those experimental groups. HRV is the variation over time of the interval between consecutive heartbeats measured in milliseconds (i.e., interbeat intervals), which can be extracted from ECG signals (Figure 1) [59,60]. In HRV analysis, interbeat interval fluctuations are quantified using time- and frequency-domain methods for signal analysis (e.g., standard deviation and power spectral analysis of interbeat intervals, respectively) [59,60]. Therefore, HRV analysis was deemed optimal to link course content to real-life applications. HRV increases during resting periods and decreases during anxiety and stress periods [58]. As mentioned, students were expected to investigate potential HRV differences between groups and identify the signal analysis methods that proved more useful to the task. Furthermore, they were expected to critically appraise their results, providing a physiological interpretation of the observed differences.



Despite its hands-on nature, the problem situation above represents a simplified and contrived learning experience since students are only expected to reproduce a previously performed analysis on data collected by someone else. Moreover, it addresses a situation that might not be relevant for students (i.e., stress assessment in arachnophobic individuals). Hence, students might not find it exciting and fail to fully engage in their learning experience.



To overcome these limitations, we proposed enriching the experiential learning cycle by incorporating a broader set of activities into the learning experience. Namely, students in the experimental group used wearable devices (Zephyr Bioharness 3, Medtronic Inc., Boulder, CO, USA. Shown in Figure 2) to acquire their own physiological and behavioural signals (e.g., ECG, respiratory and physical activity levels) during tasks of their interest in scenarios beyond the classroom (e.g., physical training in the gym). Hence, students’ daily-life activities, venues, and environments became part of their experiential learning spaces (i.e., the physical infrastructure, type of contact, communications, interactions, and relations with other students and faculty members in a learning setting [12]). In this sense, different learning spaces were configured according to each student’s possibilities, interests, and practical relevance, taking their learning experiences everywhere. We hypothesised that involving students in the signal acquisition process in a situation relevant to them would provoke an increased interest in the learning experience. In turn, this interest would result in improved competency development and a stronger engagement with their learning of the course content linked to the problem situation. Furthermore, by encouraging students to carry out learning experiences within daily-life scenarios, we familiarised them with the concept of “ubiquitous healthcare” (i.e., the use of computing and communication devices to deliver healthcare services for patients and healthcare professionals, anytime and anywhere [61]) through “ubiquitous learning” [62,63].



The student activities supporting this learning experience were similar for the control and experimental groups, with some exceptions derived from the use of the wearable device above. Table 2 summarises these learning activities, mapping their timing and relation to Kolb’s experiential learning cycle. Students were split into teams of four or five members to work on these activities. Further details are provided below.



During the first week, all students were introduced to the problem situation, including a brief introduction to HRV analysis and its real-life applications. Moreover, students were given a demonstration of HRV analysis in action using actual data (i.e., ECG signals) and freeware [64,65]. Additionally, students in the control group downloaded and familiarised themselves with the dataset described above, whereas students in the experimental group were trained on setting up and using the wearable device. These activities allowed students to have a concrete experience of signal analysis methods applied to biomedical signals.



During the second week, all students critically read two essential papers on HRV analysis, emphasising time- and frequency-domain methods and their real-life applications [59,60]. This activity allowed students to make sense of the course content by connecting them with HRV analysis. Hence, this activity motivated a reflective observation of their previous concrete experience.



During the third week, students worked on the experimental protocol to be implemented later. For students in the control group, this meant reviewing and understanding a pre-designed experimental protocol that included the materials and methods required for the HRV analysis of the ECG signals available in the public dataset. For students in the experimental group, this involved selecting the scenario where they desired to acquire their physiological and behavioural signals (e.g., sleep or sport tracking) and defining the materials and methods required for analysing those signals. Therefore, this activity represented an abstract conceptualisation of the course content and learning outcomes.



Finally, during the fourth and fifth weeks, students implemented the experimental protocol reviewed or designed before, representing the active experimentation stage of Kolb’s Experiential Learning Cycle. To facilitate HRV analysis, students were given a Jupyter Notebook (i.e., a web-based notebook combining live code, equations, narrative text, and visualisations) containing Python code to run an exemplary HRV analysis on real ECG signals using Python toolboxes BioSPPy and pyHRV [66,67]. Students were encouraged to run this notebook on Google Collaboratory, a cloud-based collaborative development environment. This environment provided them with a virtual experiential learning space where they could collaborate synchronously or asynchronously to adapt the code to fit their respective purposes.



Students were expected to gradually document the outcomes of these activities in a scientific research report following the IMRaD format [68]. Hence, students were encouraged to complete the Introduction (I), Methods (M), and Results and Discussion (RaD) sections by the end of weeks 2, 3, and 5, respectively. This report was graded and used to assess students’ learning outcomes. Further details are provided below.




3.3. Learning Experience Assessment


Quantitative and qualitative data were collected from students before and after the learning experience above (weeks one and five, respectively) using the Student Assessment of their Learning Gains (SALG) [69,70]. The SALG instrument was initially designed to collect data on student-reported understanding, skills, and attitudes towards course content and learning outcomes. However, for this course, the SALG instrument was tailored to inquire only about students’ attitudes. In particular, students were asked to rate their:




	
Perception of the relevance of this course’s content and their learning outcomes to their education and future professional activity (hereafter simply referred to as “relevance”);



	
Interest in learning this course content (hereafter simply referred to as “interest”);



	
Motivation to learn this course content (hereafter simply referred to as “motivation”).








Therefore, the tailored SALG instrument contains three Likert-scale items. Additionally, it includes two open-ended questions allowing students to comment on these elements.



Furthermore, the program-specific competency fostered in this course (i.e., biomedical data analysis and modelling) was assessed using the institutional rubric from Tecnológico de Monterrey. This rubric defines the four levels of achievement as follows:




	
Incipient: the student performs incorrect data analysis using a reduced number of techniques and computational tools, reaching incoherent conclusions that he/she/they report(s) in a confusing way.



	
Basic: the student performs a limited data analysis using some techniques and computational tools, reaching coherent conclusions that he/she/they report(s) acceptably.



	
Solid: the student performs a correct data analysis using several techniques and computational tools, reaching relevant conclusions that he/she/they report(s) clearly.



	
Outstanding: the student performs a rigorous data analysis using various techniques and computational tools, reaching original conclusions that he/she/they report(s) precisely.








Moreover, students’ academic performance was assessed using their grades from an end-of-period written exam. This exam contained four items assessing the students’ knowledge and ability to apply analytical methods and computational tools to analyse signals (e.g., the Fourier transform and MATLAB). The statistical analysis also considered the grades for the research report described above and the course’s cumulative grade for period 1. These grades reflect both the students’ individual work and teamwork.



Finally, the students’ opinions about their learning experience were assessed using the Student Opinion Survey (SOS), a voluntary, anonymous internal survey with six closed-ended items and one open-ended question. Closed-ended items use a 10-point rating scale, with 10 representing the highest value (e.g., the highest level of agreement or satisfaction). The open-ended question allows students to comment on their learning experience in the course. For this study, only two closed-ended items were considered, as these were deemed the most relevant for assessing the students’ learning experiences. Namely:




	
EMRET—The professor challenged me to do my best (develop new skills, new concepts and ideas, think differently, etc.)



	
EMREC—Overall, my learning experience was…








A mean above nine in the EMREC question is considered an indicator of the optimal performance of the professor as the facilitator of the students’ learning experiences.



Even though the SOS addresses the course as a whole, the only difference between the course delivered to the control and experimental groups was the learning experience reported here. Thus, it is reasonable to think that the observed differences in SOS responses are due to this experience.



All students signed an informed consent form notifying them of the aggregate use of anonymised data collected through the above instruments for research-only purposes. Additionally, the consent informed the students’ of their right to skip the SALG and SOS instruments for any reason and without any consequence to their evaluation.




3.4. Statistical Analysis


Descriptive statistics for each Likert-scale item in the SALG instrument were computed for each group (i.e., control and experimental) and before and after the learning experience above. Namely, the median and the interquartile range (IQR) were computed. The statistical significance of the differences between groups and before and after the learning experience was evaluated using the Wilcoxon rank sum test, a nonparametric test suitable for small samples and ordered categorical data. A p-value < 0.05 was accepted as evidence of statistical significance. Moreover, Spearman’s correlation analysis investigated potential associations between relevance, interest, and motivation. Spearman’s correlation is a nonparametric measure of rank correlation, i.e., the statistical dependence between the rankings of two variables. Thus, it is also suited for ordered categorical data (e.g., Likert-scale rank).



Descriptive statistics for the remaining assessments (i.e., competency evaluation, grades and SOS) were also computed for each group (i.e., control and experimental). Namely, the median and the interquartile range (IQR) were calculated for competency evaluations and grades. The statistical significance of the differences between groups for these data was evaluated using the Wilcoxon rank sum test, given the small sample size and the non-normal distribution of the data. Again, a p-value < 0.05 was accepted as evidence of statistical significance.



Statistical analysis was performed using R (version 3.6.3, R Foundation, Indianapolis, IN, USA) and RStudio (2022.02.3 + 492 “Prairie Trillium” Release, RStudio, PBC, Boston, MA, USA) [71,72].





4. Results


4.1. Relevance, Interest, and Motivation


4.1.1. Before the Learning Experience


Forty-six students responded to the SALG instrument before the learning experience, resulting in a 95.8% response rate (96.2% and 95.5% for the control and experimental groups, respectively). The median and IQR for the variables “interest” and “motivation” were identical for both groups, while a slight difference in median values was observed for variable “relevance”. However, this difference is not statistically significant (Table 3).



Overall, both groups highly rated their initial perceived relevance, interest, and motivation concerning the course content and learning outcomes (Figure 3). This behaviour might have been exhibited because this course is one of the first disciplinary courses that BME undergraduate students take during their studies. Indeed, their comments via the SAGL instrument express great excitement and expectations around this course.



The correlation analysis revealed a moderate to strong positive correlation between “relevance” and “interest” (Spearman’s rho = 0.60), a moderate positive correlation between “ relevance” and “motivation” (Spearman’s rho = 0.52), and a strong positive correlation between “interest” and “motivation” (Spearman’s rho = 0.78).




4.1.2. After the Learning Experience


Forty-three students responded to the SALG instrument after the learning experience, amounting to an 89.6% response rate (88.5% and 90.9% for the control and experimental groups, respectively). The median values for the variables “relevance”, “interest”, and “motivation” were identical for both groups. However, a lower dispersion (i.e., IQR) was observed for the experimental group compared to the control group, suggesting a stronger within-group agreement about their attitude towards the course content and learning outcomes (Table 4). Moreover, a consistently larger proportion of responses from the experimental group fell in the higher levels (four and five) compared to the control group (Figure 4).



The correlation analysis revealed a weak positive correlation between “relevance” and “interest” (Spearman’s rho = 0.33), a weak to moderate positive correlation between “relevance” and “motivation” (Spearman’s rho = 0.40), and a strong positive correlation between “interest” and “motivation” (Spearman’s rho = 0.81).




4.1.3. Before Versus after the Learning Experience


Both groups exhibited a lower median value for the variables “interest” and “motivation” after the learning experience than before the experience, yet this difference was not statistically significant (Table 5 and Table 6). Again, a lower dispersion (i.e., IQR) was observed for the experimental group compared to the control group.





4.2. Program-Specific Competency Assessment


The experimental group exhibited a higher median value for the level of achievement of the assessed program-specific competency compared to the control group. However, this difference is not statistically significant (Table 7). On average, the experimental group reached a “basic” level of achievement of the assessed competency (median = 2), whereas the control group reached an “incipient” level of achievement (median = 1). Moreover, a larger proportion of higher levels of achievement (i.e., basic, solid, and outstanding) were observed in the experimental group than in the control group (Figure 5).




4.3. Student Grades


On average, the experimental group exhibited higher grades in the written exam than the control group, although this difference is not statistically significant (Table 8). However, the opposite is true for the research report and the cumulative grade, where the control group showed higher grades than the experimental group. These differences are not statistically significant, though.




4.4. Student’s Opinion Survey


Only nineteen students responded to the SOS, amounting to a 39.6% response rate (30.8% and 50% for the control and experimental groups, respectively). This response rate is consistent with the largely low levels of student participation in the survey.



The median and IQR for the item “EMRET” were identical for both groups, while a slight difference in median values was observed for the item “EMREC”. However, this difference is not statistically significant (Table 9). Again, a lower dispersion (i.e., IQR) was observed for the experimental group compared to the control group.





5. Discussion


5.1. Main Findings


This work proposed using blended learning spaces combining direct instruction, experiential learning in daily-life scenarios, and cloud-based collaborative development environments in a “biomedical signals and systems analysis” course. This proposal incorporated wearable devices to enable experiential learning activities to collect physiological and behavioural data in daily-life scenarios. In doing so, we intended to increase students’ perceived relevance, interest, and motivation in the course content and learning outcomes to improve their competency development.



Interestingly, both groups rated their initial and final perceived relevance, interest, and motivation highly concerning the course content and learning outcomes (Figure 3 and Figure 4). Indeed, our statistical testing did not reveal any significant difference between groups or before and after the learning experience. This might be since this course is one of the first disciplinary courses that BME undergraduate students take during their studies. Accordingly, the students expressed excitement about the course in their responses to the SALG’s open-ended questions. However, despite this shared excitement, a consistently larger proportion of responses from the experimental group falling in the higher levels (four and five) compared to the control group was observed after the learning experience (Figure 4). This led to a lower dispersion (i.e., IQR) for the relevance, interest, and motivation for the experimental group compared to the control group, suggesting a stronger within-group agreement about their attitude towards the course content and learning outcomes (Table 4). This suggests a positive impact of the proposed learning experience on students’ perceived relevance and motivation. Nevertheless, further work is required to support any conclusion as this observation might have been produced by chance.



Furthermore, we proposed a three-dimensional framework to facilitate the assessment and interpretation of the results regarding students’ academic performance (i.e., grades), competency development, and satisfaction with their learning experience. The dimensions of this framework are:




	
Effectiveness measured in terms of students’ grades and their competency level achievement;



	
Efficiency measured by the resources involved in the design, development, and execution of the learning experience and the achieved learning outcomes;



	
Efficacy measured by the students’ and professor’s satisfaction derived from the learning experience.








Based on this framework, we argue the following about the learning experience proposed:




	
Effectiveness: there is no statistically significant evidence of increased levels of learning (as measured by grades) and student competency development due to the learning experience. However, the evidence suggests a positive impact of the learning experience on competency development. Namely, a larger proportion of higher levels of achievement (i.e., basic, solid, and outstanding) was observed in the experimental group than in the control group (Figure 5). Yet, further research is required to support or disprove this observation.



	
Efficiency: the proposed learning experience was less efficient than the original one, as it involved monetary and time investments for the acquisition of wearable devices and the preparation/production of the learning experience, respectively. Given the learning outcomes above, this investment might not be justified. As previously mentioned, the high cost of commercial wearable devices has been an obstacle to their adoption in higher education for teaching purposes [48].



	
Efficacy: there is no significant evidence of a higher efficacy of the proposed learning experience as measured by the SOS. However, the open-ended comments from the SALG suggested a positive impact of the learning experience on the students’ opinions about their overall learning experience in the course. These opinions align with previous studies on incorporating wearables in classroom activities, where students expressed an increased satisfaction, engagement, and intellectual stimulation [46,51]. Moreover, the professor also observed more engagement and motivation among the students who used the wearables. This observation coincides with a previous study on the perception of faculty members about the potential of incorporating ICTs in higher education [44]. Furthermore, the professor reported an improved teaching experience regarding the intellectual challenge it represents for mentoring students under experiential learning approaches and the motivation derived from it.








In summary, the evidence gathered in this study suggests that incorporating blended learning spaces that combine direct instruction, experiential learning in daily-life scenarios enabled by wearable devices, and cloud-based collaborative development environments may have a positive impact on a student’s perception of their learning experience concerning the relevance of learning and the students’ motivation and interest. However, the evidence is not statistically significant as there is only a reduction in the variability of their responses. Thus, further research must confirm this potential impact. This confirmation is required in other instances of learning experiences, given the monetary and time investment this pedagogical approach would need if it were to be implemented at a larger scale.




5.2. Limitations


The study reported in this paper has some limitations. First, although the SALG instrument applied before and after the educational intervention explored the same variables (i.e., relevance, interest, and motivation), by design, its questions had slight grammatical differences due to their time perspectives (i.e., the present tense for the survey applied before the intervention and past tense for the one used after it). This difference might have had an impact on the way students responded to the questions.



Furthermore, the relatively small sample size and the low response rate for the SOS made it difficult to draw solid conclusions about the impact of the proposed educational intervention on the students’ attitudes towards learning, learning achievement, and overall satisfaction with their learning experience.





6. Conclusions


This work contributes to creating active learning experiences for BME undergraduate students to enhance their perceived relevance of, interest in, and motivation for the course content, aiming to improve their learning outcomes and development of competencies. Considering the significance of “learning by doing” under the umbrella of the Tec21 Model, the undertaken pedagogic approaches must improve the learning experiences’ performance. Even though it was impossible to prove this approach’s higher effectiveness and efficacy, the present study shows that the evidence gathered suggested a positive impact on these variables. Nevertheless, this impact involves a higher financial cost for the acquisition of wearable devices, a greater workload and time spent by the professor during the design, and greater degrees of preparation and execution of the learning experience. Therefore, further research must prove the positive impact and justify the investment required to scale the educational intervention.
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Figure 1. Electrocardiogram signal segment with two interbeat intervals identified. In heart rate variability (HRV) analysis, the fluctuations in interbeat intervals over time are quantified using time- and frequency-domain methods for signal analysis. Hence, HRV was deemed optimal to link course content to real-life applications. 
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Figure 2. Wearable device (Zephyr Bioharness 3, Medtronic Inc., Boulder, CO, USA) that students used to acquire their own physiological and behavioural signals during tasks of their interest in scenarios beyond the classroom (e.g., physical training in the gym). 
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Figure 3. Response rate (%) by level of agreement for the SALG instrument applied before the learning experience: (A) relevance, (B) interest, and (C) motivation. 
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Figure 4. Response rate (%) by level of agreement for the SALG instrument applied after the learning experience: (A) relevance, (B) interest, and (C) motivation. 
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Figure 5. Percentage of students by level of achievement of the assessed competency. 
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Table 1. Biomedical signals and systems analysis course modules at Tecnologico de Monterrey.
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	Module
	Title
	Contents





	1
	Introduction to biomedical signals and systems
	
	
Definition and examples of biomedical signals and systems



	
Signal representation: 1D and 2D signals; continuous-time, discrete-time and digital signals; time and frequency domains



	
Basic signal properties: amplitude, frequency, and phase



	
Time-domain measurements of a signal: mean, standard deviation, variance, and RMS value



	
Sources of noise and signal-to-noise ratio








	2
	Fundamental concepts of biomedical signals
	
	
Classification of signals: deterministic and stochastic; even and odd; periodic and aperiodic



	
Elemental signals: unit impulse, unit step, and sinusoidal and complex exponential signals



	
Signal transformations and operations



	
Cross-correlation and autocorrelation








	3
	Fourier analysis of signals
	
	
Introduction to frequency analysis of signals



	
Fourier series: harmonic, trigonometric, and complex representations



	
Continuous and discrete Fourier transforms



	
Power spectral density



	
Spectral averaging and the periodogram








	4
	Linear systems analysis
	
	
Classification of systems: linear and nonlinear; time-invariant and nonstationary



	
Linear time-invariant (LTI) systems



	
LTI systems analysis in the time domain: the convolution integral and sum



	
LTI systems analysis in the frequency domain: frequency response



	
LTI systems analysis in the complex frequency domain: application of the Laplace transform to the analysis of systems; transfer function; systems response to test signals








	5
	Convolution and digital filters
	
	
Definition of the z-transform and its application to discrete systems analysis



	
Discrete transfer function (DTF)



	
Difference equations and their relationship with DTFs



	
Filter properties: filter type, bandwidth, and attenuation slope



	
FIR and IIR filters characteristics



	
Fundamentals of digital filters design
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Table 2. Student learning activities as related to Kolb’s experiential learning cycle.






Table 2. Student learning activities as related to Kolb’s experiential learning cycle.





	
Stage

	
Timing

	
Student Learning Activities




	
Control Group

	
Experimental Group






	
Concrete experience

	
Week 1

	

	
Problem-situation presentation, including a brief introduction to HRV 1 analysis and its real-life applications



	
HRV 1 analysis demonstration



	
Public dataset download and familiarisation






	

	
Problem-situation presentation, including a brief introduction to HRV 1 analysis and its real-life applications



	
HRV 1 analysis demonstration



	
Training on setting up and using the wearable device



	
Identification of relevant HRV 1 study situations or scenarios in daily life









	
Reflective observation

	
Week 2

	

	
Critical reading of two seminal papers on HRV analysis and reflection on their applicability [59,60]






	

	
Critical reading of two seminal papers on HRV analysis and reflection on their applicability in daily-life scenarios [59,60]









	
Abstract conceptualisation

	
Week 3

	

	
Review and understand a pre-designed experimental protocol






	

	
Experimental protocol design considering daily-life applications (e.g., physical activity tracking)









	
Active experimentation

	
Weeks 4 & 5

	

	
Data analysis



	
Results interpretation






	

	
Learning space set up and data collection



	
Data analysis



	
Results’ interpretation













1 Heart rate variability.
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Table 3. Descriptive statistics by group for the SALG instrument applied before the learning experience.






Table 3. Descriptive statistics by group for the SALG instrument applied before the learning experience.





	

	
Control (n = 25)

	
Experimental (n = 21)

	




	
Variable

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Relevance

	
4

	
1

	
5

	
1

	
0.863




	
Interest

	
5

	
1

	
5

	
1

	
0.957




	
Motivation

	
5

	
1

	
5

	
1

	
0.863








1 Interquartile range (Q3–Q1).
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Table 4. Descriptive statistics by group from the SALG instrument applied after the learning experience.






Table 4. Descriptive statistics by group from the SALG instrument applied after the learning experience.





	

	
Control (n = 23)

	
Experimental (n = 20)

	




	
Variable

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Relevance

	
4

	
1

	
4

	
0.25

	
0.227




	
Interest

	
4

	
2

	
4

	
1

	
0.555




	
Motivation

	
4

	
2

	
4

	
1

	
0.394








1 Interquartile range (Q3–Q1).
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Table 5. Descriptive statistics before and after the learning experience for the control group.






Table 5. Descriptive statistics before and after the learning experience for the control group.





	

	
Before (n = 25)

	
After (n = 23)

	




	
Variable

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Relevance

	
4

	
1

	
4

	
1

	
0.009




	
Interest

	
5

	
1

	
4

	
2

	
0.094




	
Motivation

	
5

	
1

	
4

	
2

	
0.168








1 Interquartile range (Q3–Q1).
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Table 6. Descriptive statistics before and after the learning experience for the experimental group.






Table 6. Descriptive statistics before and after the learning experience for the experimental group.





	

	
Before (n = 21)

	
After (n = 20)

	




	
Variable

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Relevance

	
5

	
1

	
4

	
0.25

	
0.088




	
Interest

	
5

	
1

	
4

	
1

	
0.239




	
Motivation

	
5

	
1

	
4

	
1

	
0.429








1 Interquartile range (Q3–Q1).
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Table 7. Descriptive statistics by group from the program-specific competency assessment.






Table 7. Descriptive statistics by group from the program-specific competency assessment.





	

	
Control (n = 26)

	
Experimental (n = 22)

	




	
Competency

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Biomedical data analysis and modelling

	
1

	
1.75

	
2

	
2

	
0.599








1 Interquartile range (Q3–Q1).
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Table 8. Descriptive statistics by group for student grades.






Table 8. Descriptive statistics by group for student grades.





	

	
Control (n = 26)

	
Experimental (n = 22)

	




	
Component

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
Written exam

	
51

	
38.8

	
58

	
46.2

	
0.576




	
Research report

	
85

	
10

	
82

	
11.8

	
0.282




	
Cumulative grade

	
81.5

	
9.75

	
78

	
12.5

	
0.357








1 Interquartile range (Q3–Q1).
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Table 9. Descriptive statistics by group for the students’ Opinion Survey.






Table 9. Descriptive statistics by group for the students’ Opinion Survey.





	

	
Control (n = 8)

	
Experimental (n = 11)

	




	
Question

	
Median

	
IQR 1

	
Median

	
IQR 1

	
p-Value






	
EMRET 2

	
10

	
1.50

	
10

	
1.50

	
0.811




	
EMREC 3

	
9.50

	
2.25

	
9.00

	
1.00

	
0.691








1 Interquartile range (Q3–Q1), 2 EMRET: The professor challenged me to do my best (develop new skills, new concepts and ideas, think differently, etc.), 3 EMREC: Overall, my learning experience was…
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