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Abstract


This study investigated middle school students’ experiences with emergency remote education during the COVID-19 pandemic using natural language processing (NLP), sentiment analysis, and topic modeling techniques. A total of 2,739 valid responses from Turkish students (ages 9–15) were collected through open-ended survey questions regarding the perceived advantages and disadvantages of distance learning. Sentiment classification was performed using a semi-supervised machine learning approach, combining TF-IDF, Word2Vec, and FastText vectorization with five classification algorithms. The TF-IDF + support vector machines (SVM) combination yielded the highest performance (F1 = 0.85). Results show a total of 1,867 positive and 2,542 negative opinions, indicating that students generally adopted a more critical view of distance education. To explore the thematic structure of opinions, topic modeling was applied with six topics. Positive sentiments clustered around themes such as educational continuity, health protection, time savings, flexible scheduling, self-regulated learning, and digital literacy. Negative sentiments were dominated by themes including limited interaction, screen fatigue, perceived low quality, technical barriers, and structural inequalities. Findings suggest that while students appreciated the safety and flexibility of remote learning, they also faced significant pedagogical, physical, and technological challenges. The study contributes methodologically by demonstrating the effectiveness of AI-based text analysis and offers practical implications for designing more equitable and student-centered digital education models. These results underscore the importance of integrating NLP and machine learning tools into educational research to uncover deeper insights from student-generated content at scale.
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Introduction


The COVID-19 pandemic has affected education systems worldwide, producing marked changes for K–12 learners. Reliant on structured, face-to-face classrooms and characterized by age-specific developmental needs, this cohort encountered serious challenges (Adams et al., 2024; Tomaszewski et al., 2023). The abrupt shift to remote instruction exposed critical infrastructure gaps especially in rural and socioeconomically disadvantaged regions, thereby amplifying preexisting inequalities. As the digital divide widened, meaningful participation and learning opportunities became increasingly constrained (Dhawan, 2020; Hurling et al., 2024). To interpret these effects, we first distinguish emergency remote teaching (ERT) from pedagogically designed online learning: ERT prioritizes continuity through rapid, temporary solutions under crisis constraints. This distinction frames our interpretation of students’ experiences during the crisis.

 
Remote instruction, made compulsory by the pandemic, generated both benefits and obstacles. Digital platforms afforded flexibility and continuity in learning, showing potential for enhancing engagement and achievement (Lo et al., 2023). Yet the rapid migration online also revealed significant shortfalls in meeting individual learning needs (Diz-Otero et al., 2023). Students reported technical difficulties, loss of motivation, and a lack of collaborative environments, all of which contributed to learning deficits (Sandvik et al., 2024). At the middle school stage, these design and implementation constraints intersect with developmental needs. In particular, early adolescents are reorganizing motivation, belonging, and self-efficacy (Eccles & Roeser, 2011). Consistent with this, from a self-determination perspective, threats to autonomy, competence, and relatedness predict lower engagement in online settings (Ryan & Deci, 2000).

 
The pandemic likewise exerted profound social and emotional pressures on middle schoolers. Loneliness and mental health issues increased globally (Geulayov et al., 2024). Social media sustained peer communication but also spread misinformation and panic (Radwan et al., 2020). Interruptions to peer and teacher relationships elevated stress levels, especially at the middle school stage (Albert, 2024). The crisis highlighted the centrality of digital infrastructure for equitable access, especially in economically disadvantaged contexts (Hurling et al., 2024). From a Community of Inquiry (CoI) perspective, disruptions to social and teaching presence would have been expected to erode belonging and perceived support, magnifying stress and disengagement in early adolescence (Garrison, 2016; Garrison et al., 2000). Beyond connectivity, second- and third-level aspects of digital divide skills, and the translation of use into academic benefit, which varies widely across contexts, help explain uneven socioemotional outcomes under remote learning (van Dijk, 2006). These dynamics are likely to be pronounced in early adolescence.

 
Artificial intelligence (AI) technologies have emerged as powerful tools for making learning more effective and personalized. AI-enhanced applications analyze students’ emotional states and adapt content accordingly (Lin & Chen, 2024). Facial-recognition and affect-detection systems have enabled real-time monitoring of learners’ emotions (Fang et al., 2023). In addition, natural language processing (NLP) and machine learning techniques identify cognitive and affective barriers, offering timely interventions (Martínez-Comesaña et al., 2023). Personalized feedback has been shown to bolster motivation and emotional resilience (An et al., 2023), although concerns persist about excessive surveillance and equity (Lin & Chen, 2024). Aligned with the CoI framework and transactional distance, analytics-enabled, timely feedback can strengthen teaching and social presences and reduce structure—dialogue imbalances that fuel disengagement in remote contexts (Garrison, 2016; Moore, 1993). In practice, dashboarded prompts and micro-goal check-ins can scaffold self-regulated learning processes involving planning, monitoring, and self-evaluation, particularly salient for early adolescents in flexible online settings (Pintrich, 2004; Zimmerman, 2002). Large-scale NLP analysis therefore offers an innovative alternative to traditional survey-based studies.

 
Against this backdrop, this study aimed to examine middle school students’ perceptions of emergency remote teaching by (a) quantifying their positive versus negative sentiment and (b) extracting latent thematic structures through advanced NLP techniques, offering a scalable alternative to traditional survey-based approaches, thereby delivering theoretical, methodological, and practical contributions. As noted above, because these data were generated under ERT, we interpreted all patterns in light of crisis-driven, rapidly deployed solutions; accordingly, claims have been bounded to ERT conditions rather than fully designed online learning.

 
We framed our research with two questions and two sub questions:

 
RQ1. How are middle school students’ perceptions of remote education distributed across positive and negative sentiment categories?

 
RQ2. What latent themes underlie middle school students’ perceptions of distance education?

 
RQ2a. Which themes emerge from students’ positive opinions?

 
RQ2b. Which themes emerge from students’ negative opinions?


Literature Review


AI now supports learning on two fronts; it serves students directly through adaptive tutors and affect-aware dashboards, while also supplying teachers and instructional designers with indirect, data-rich insights into learners’ emotions and thought processes (Lin et al., 2024; Uçar et al., 2024). NLP and machine learning pipelines analyze large corpora of student text, enabling educators to identify individual needs and tailor instructional strategies. For example, large language models (LLMs) can detect affective states in real time and summarize formative feedback, thus reducing teachers’ analytical workload (Xu et al., 2024). Techniques such as sentiment analysis and text mining further feed design analytics that help instructors construct more personalized and responsive learning environments (Al Husaeni et al., 2022; Bittencourt et al., 2024). However, most prior studies rely on small-sample surveys or focus on university settings; as a result, we still know little about how middle school pupils felt during ERT. Filling that gap was the central aim of RQ1 in this study.

 
Recent K–12 research has shown that NLP can act both as a diagnostic lens and as an adaptive support in online or hybrid learning contexts. Using network analysis combined with topic modelling, Xing et al. (2025) found that “extra-periphery” participants in a large asynchronous mathematics forum could achieve the highest mathematical-literacy scores when interaction quality was high. At the message level, sentiment and tone analysis applied to middle school teacher feedback by Baral et al. (2023) revealed patterns that shape student motivation, while an emoji-based interface designed by Zarkadoulas and Virvou (2024) captured pupils’ emotional states and highlighted gender differences in expression. From the teacher perspective, an NLP-driven virtual facilitator for professional development produced significant gains in student performance in a randomized trial reported by Copur-Gencturk et al. (2024), aligning with the “Turing Teacher” attributes outlined by Pelaez et al. (2022). Inclusive angles are also emerging: a mixed qualitative–sentiment study by Tzimiris et al. (2023) documented layered psychological and technical barriers faced by students with functional diversity during ERT. Finally, automated text analysis developed by Žitnik and Smith (2024) flagged off-topic posts in fourth-grade book-club discussions with 90% accuracy, pointing toward real-time analytics that could keep young learners on track.

 
Various AI techniques are employed to analyze student opinions in remote education. One of the most prominent NLP approaches is topic modelling, which uncovers latent themes within a text. For example, Mujahid et al. (2021) used latent Dirichlet allocation (LDA) to analyse student comments on Twitter concerning online learning during the COVID-19 period. Their study revealed the main challenges of online learning, particularly infrastructure deficiencies and lack of technical support. However, LDA coherence degrades sharply with short, grammar-sparse comments, typical of K–12 data (Gallagher et al., 2017). In another study, researchers conducted a large-scale thematic analysis of social media data, allowing them to map broad perspectives on online education (Mishra et al., 2021). Waheeb et al. (2022) likewise analyzed social media datasets from the pandemic period, combining LDA with ontology-based approaches to capture both thematic and sentiment trends. Information-theoretic models such as correlation explanation (CorEx) achieve higher semantic consistency on short documents and allow researchers to anchor domain-specific keywords (Gallagher et al., 2017), yet have rarely been applied to open-ended responses from middle school students, particularly in non-English contexts.

 
Another major application of machine learning and NLP is sentiment analysis, which seeks to identify emotions embedded in text. Akhmedov et al. (2021) employed the joint sentiment topic (JST) model to integrate thematic and sentiment analysis, enabling a word-level examination of student opinions; this approach provided a more comprehensive understanding of perceptions related to online education. Nevertheless, JST requires large, labelled corpora resources that remain scarce for Turkish middle school datasets. Lin et al. (2024) used large databases to apply sentiment-analysis techniques that identified the key drivers of student satisfaction and negative emotions in online learning. In a separate investigation, researchers integrated machine learning and deep learning methods to classify emotions in online-course reviews with high accuracy. Such studies offer valuable insights for developing student-centered instructional strategies (Onan, 2021).

 
In sum, prior research has established the value of topic and sentiment modelling but left unanswered how middle school learners themselves articulate advantages and disadvantages of ERT in their own language; addressing this gap constituted the focus of RQ2, RQ2a, and RQ2b in our study.


Methodology


Convenience sampling allows researchers to obtain data quickly and easily from suitable sources. This method is particularly useful when probability sampling techniques are not feasible, enabling researchers to focus on subjects that are accessible and relevant to the study’s purpose (Marshall, 1996). Although convenience sampling may introduce bias by limiting the representativeness of the sample, it was considered appropriate in this study due to the extraordinary circumstances of the COVID-19 pandemic. During this period, accessibility and timeliness were critical, and voluntary participation from available students provided a practical means to capture authentic perceptions of ERT.

 
The study’s participants consisted of middle school students (ages 9–15, mean age = 11.95, SD = 1.2; a critical developmental stage and a relatively less-studied group) enrolled in the 2019–2020 academic year in Türkiye. During this period, these students were educated entirely through remote learning methods (live classes and asynchronous learning resources) for the first time. Following ethical committee approval (E-81614018-000-330), necessary information was conveyed to the students’ families through the Ministry of National Education, and a survey was distributed via an online form. Data collection was conducted anonymously. A total of 2,890 students voluntarily participated in the study. In the preliminary analysis, responses with missing data, participants who answered all questions identically, and consecutive identical responses were excluded. A total of 2,739 valid responses (female = 56.7%, male = 43.3%) were collected and accepted for further data analysis.

 
Data were obtained through an online form. The data collection instrument included two open-ended questions. The first question was, “What do you think are the advantages of distance education?” and the second was, “What do you think are the disadvantages of distance education?”


Data Analysis


Research data were analyzed using NLP and machine learning. After text preprocessing, sentiment analysis employed TF-IDF, Word2Vec, and FastText with classifiers to estimate student emotions. Topic modeling explored opinions on distance learning. The process is explained in detail under the following subheadings.


Data Preprocessing


Data preprocessing involves a series of operations performed on a dataset prior to the sentiment extraction phase. Our preprocessing steps, illustrated in Figure 1, aimed to prepare the data for model training and testing, ensuring the model would be both understandable and reliable.

 
 Figure 1 

Data Preprocessing Steps
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Sentiment Analysis


Sentiment analysis is a natural language processing technique used to determine the emotional content within texts (Devika et al., 2016). It aims to ascertain whether a piece of text contains positive, negative, or neutral sentiments. In this work, we tackled sentiment classification with a dataset of 4,439 user-generated opinions, of which only 1,961 instances were manually labeled by experts (positive: 858 vs. negative: 1,103). Given the scarcity of labeled data, we adopted a semi-supervised learning approach to leverage the remaining unlabeled examples.

 
After preprocessing, phrase vectorization was applied to convert text into numerical formats suitable for machine learning. Common methods include TF-IDF, Word2Vec, and FastText. TF-IDF generates vectors based on word frequency across documents. These methods do not consider word order or meaning—they only focus on word frequencies (Khanna & Coumans, 2023). Word2Vec, based on neural networks, also reflects the context and meaning of words into vectors (Garcia, 2021). FastText, on the other hand, converts words into vectors and also uses the sub-parts (n-grams) within the word (Patil et al., 2023).

 
After vectorization, the model was trained using five classification algorithms: naive Bayes, logistic regression, support vector machines (SVM), decision tree, and random forest (RF). Combined with three vectorization methods, this means 13 models were tested. These algorithms aim to accurately and efficiently categorize data into predefined classes (Alweshah, 2019). Classification algorithms are used in a wide range of applications, from text classification to medical diagnosis, and from image recognition to financial matters. Traditional machine learning models, such as k-nearest neighbors (k-NN), naive Bayes, SVM, decision trees, and RF, have historically been successful in sentiment analysis (Rodríguez-Ibánez et al., 2023). These models rely on statistical algorithms and predefined features to classify text sentiments such as positive, negative, or neutral.

 
In the following section, the classification algorithms used in this study are discussed in detail.


Topic Modeling


After the sentiment analysis, unlabeled sentiments were predicted with the best model, and the opinions in two categories (advantage and disadvantage of distance education) were analyzed separately with topic modeling. Topic modeling is a NLP method that aims to analyze large amounts of text data to uncover hidden thematic patterns (Gerlach et al., 2018). While topic modeling provides a systematic and scalable way to identify themes in large datasets, it differs from traditional qualitative thematic analysis, which relies on manual coding and interpretive validation. In this study, themes were derived directly from model outputs and researcher interpretation, without triangulation from additional qualitative methods. This is a particularly useful way of analyzing large amounts of student opinion. Topic modeling has been successfully applied in many areas, and topics in large datasets have been revealed (Ozyurt & Ayaz, 2022).

 
While determining the ideal number of topics and the modeling algorithms for topic modeling analysis, various metrics were used in addition to the interpretability-explainability of the topics that emerged. In this study, while defining the ideal model, LDA and CorEx topic modeling algorithms were tested by calculating coherence (CV), homogeneity, precision (micro), recall (macro), and F1 score values. The algorithms were run separately to create topics between one and twenty and graphed (Figures 2 and 3), and both the algorithm and the number of topics were decided in this way. While consistency measures the degree of semantic similarity between high-scoring words on a topic, it is a frequently used metric for the balance between human interpretability and computational efficiency (Mifrah & Benlahmar, 2020). Homogeneity evaluates the similarity of documents assigned to the same topic and the harmony of topics in different documents and is very important to ensure that topics are not overly broad or ambiguous (Amaro & Bacao, 2024). Micro precision assesses model accuracy per topic, macro recall measures capturing all relevant terms, and the F1 score balances both measures (Virtanen & Girolami, 2019).

 
There are many algorithms developed for this method, notably LDA. Although LDA is commonly preferred (Vayansky & Kumar, 2020), it is noted that it does not always provide the best result. It is particularly insufficient in short texts (Özyurt & Akcayol, 2020) and in revealing the relationships between words. Correlation explanation (CorEx) is also used for topic modeling. CorEx offers a compelling alternative to LDA by leveraging an information-theoretic framework that learns maximally informative topics without the need for detailed assumptions or complex hyperparameter specification (Gallagher et al., 2017). This approach not only simplifies model complexity but also facilitates the incorporation of human input through anchor words, enhancing topic separability and representation with minimal intervention.


Results


In this section, results are organized according to the research questions. The findings related to the first research question, being foundational, were prioritized and used to inform the analysis of the findings for the second research question.


RQ1: How are middle school students’ perceptions of remote education distributed across positive and negative sentiment?


The model performances of the vectorization and classification algorithm pairs are presented in Table 1. When the performance data in Table 1 is examined, the SVM model trained with TF-IDF feature extraction stands out as the most successful method in terms of both accuracy (85.2%) and F1 score (85.1%).

 
 Table 1

Model Performances of Vectorization and Classification Algorithm Pairs

   	Vectorization
 	Model
 	Accuracy
 	F1 Score
 

  	TF-IDF
 	Naive Bayes
 	0.811545
 	0.807016
 

  	TF-IDF
 	Logistic regression
 	0.823430
 	0.820996
 

  	 TF-IDF 
 	 SVM 
 	 0.852292 
 	 0.851196 
 

  	TF-IDF
 	Decision tree
 	0.784380
 	0.785191
 

  	TF-IDF
 	Random forest
 	0.825127
 	0.825088
 

  	Word2Vec
 	Logistic regression
 	0.723260
 	0.718766
 

  	Word2Vec
 	SVM
 	0.735144
 	0.727256
 

  	Word2Vec
 	Decision tree
 	0.650255
 	0.650678
 

  	Word2Vec
 	Random forest
 	0.760611
 	0.755425
 

  	FastText
 	Logistic regression
 	0.672326
 	0.648586
 

  	FastText
 	SVM
 	0.563667
 	0.406379
 

  	FastText
 	Decision tree
 	0.602716
 	0.601008
 

  	FastText
 	Random forest
 	0.706282
 	0.696931
 

 


Note. The most successful pairing—TF-IDF and SVM—is shown in bold. SVM = support vector machines.

 
When the labeled data was estimated with the machine learning model created with this pair, it was observed that a significant portion of students stated there was no advantage to the advantage question in the preprocessing step, and similarly, they gave answers to the disadvantage question stating there was an advantage. The results are consistent with our observation; since students expressed their opinions without focusing on the question heading, some positive responses under “disadvantage” aligned with negative responses to “advantage,” and vice versa.

 
A summary presented in Table 2 gives the total number of opinions, positive comments, and negative comments for each question. Although a total of 2,217 opinions were stated for the advantage, 509 of those were negative, i.e., saying there was no advantage. Similarly, 170 of the 2,222 total disadvantage opinions did not contain positive, i.e., disadvantage-oriented opinions.

 
In sum, positive opinion was 1,878 and negative opinion was 2,561.

 
 Table 2

Summary of Total, Positive, and Negative Opinions for Each Question

  	Question
 	Total comments N 
 	Positive comments N 
 	Negative comments N 
 

	What is the advantage of distance learning?
 	2,217
 	1,708
 	509
 

	What is the disadvantage of distance learning?
 	2,222
 	170
 	2,052
 





The results indicate that many students questioned or did not perceive any advantages of distance education, reflecting a skeptical view of its benefits and a clearer, more negative attitude toward its drawbacks.


RQ2: What latent themes underlie middle school students’ perceptions of distance education?


CorEx and LDA were compared to identify latent topics, evaluated by coherence, homogeneity, precision, recall, and F1 (see figures 2 and 3). Detailed findings are explained in the following sections.


RQ2a: Which themes emerge from students’ positive opinions?


Figure 2 shows CorEx achieved optimal coherence (∼0.60) with six to eight topics, exceeding the meaningful threshold of 0.40, unlike LDA, which peaked early and dropped sharply (∼0.33). While LDA showed slightly better F1 at two topics, its interpretability suffered. CorEx maintained better F1 at six topics (∼0.13), balancing accuracy and readability. At high topic counts, both models show fragmentation, lowering insight value. CorEx-6 offered thematically distinct, interpretable topics, aligning with qualitative goals. Thus, CorEx with six topics was chosen as optimal, and results are detailed in Table 3.

 
 Figure 2 

CorEx and LDA Performance Metrics for Positive Comments
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Note. LDA = latent dirichlet allocation.


 Table 3

Topics and Keywords for Positive Comments

  	Topic
 	Theme
 	Keywords
 

	1
 	Continuity of education and health protection
 	education, distance, away, stay, continue, pandemic, period, technological, process, receive, class, close, virus, thank, tool
 

	2
 	Time savings and physical comfort
 	advantage, think, school, don’t, wear, tire, good, opportunity, sick, problem, road, situation, uniform, great, return
 

	3
 	Noise-free, focused learning space
 	teacher, classroom, noise, sound, write, switch, environment, say, lesson, distract, voice, hear, turn, teach, image
 

	4
 	Flexible scheduling and active participation
 	question, morning, ask, lecture, early, listen, want, solve, answer, test, read, book, comfortably, later, clothes
 

	5
 	Self-regulated learning and information access
 	study, learn, time, information, home, like, health, little, access, spend, knowledge, covid, protect, work
 

	6
 	Digital literacy and ease of learning
 	use, technology, make, eat, homework, way, efficiently, improve, assign, sense, hand, there’s, share, sleep, easier
 





Using a 6-theme CorEx model (Cv = 0.446), the advantages of immediate distance learning for lower secondary students were clustered around six distinct themes listed in Table 3. Each theme is described below by triangulating the model’s most important keywords with representative student quotes.


Theme 1: Continuity of Education and Health Protection


Statements such as “distance education [is] the best option in the conditions we live in” and “continue education without feeling risk due [to] the pandemic” illustrate that students framed remote teaching primarily as a means of maintaining academic progress while safeguarding health. The assured progression of the curriculum reduced uncertainty and fostered a sense of security.


Theme 2: Time Savings and Physical Comfort


Phrases such as “no need to wear [a] uniform” and “save time ... no waste [of] time on the road” highlight gains in time management and bodily comfort. The removal of travel and dress codes redirected both physical and cognitive resources toward learning activities.


Theme 3: Noise-Free, Focused Learning Space


Excerpts such as “no noise environment—think calmly” show that the virtual classroom acted as a noise filter, improving audibility and concentration. Microphones and headsets facilitated clearer teacher–student communication and reduced peer distractions.

 
Theme 4: Flexible Scheduling and Active Participation


Students praised “not getting up early in the morning” and being able to “ask questions and get answers whenever [they] want,” signaling that temporal flexibility empowered them to self-pace and actively engage with course content, aligning with principles of learner autonomy.


Theme 5: Self-Regulated Learning and Information Access


Comments such as “able to study at home and research” indicate strengthened self-regulation and unfettered access to digital information. The quieter home environment enabled deeper cognitive processing and individualized study routines.


Theme 6: Digital Literacy and Ease of Learning


Expressions including “learn to use technology tools” reveal that remote teaching served as a scaffold for digital literacy, while also enabling homework submission and making everyday needs (e.g., eating, breaks) more convenient, thus lowering affective and physiological barriers to learning.

 
In summary, K–12 students in COVID-19 remote education saw it as safe, ensuring continuity, time savings, quietness, schedule flexibility, self-regulated learning, digital literacy, personalized education, and autonomy.


RQ2b: Which themes emerge from students’ negative opinions?


For negative perceptions, Figure 3 confirms CorEx’s superiority in interpretability. Its CV coherence remained high (∼0.57–0.59) and stable between six to eight topics, outperforming LDA, which dropped sharply after k = 2 and stabilized near 0.44, with a practically significant 0.13-point gap. Although both models peaked in F1 at k = 2, the resulting topics were overly broad and lacked analytic depth. At six topics, however, CorEx maintained a double-digit macro-F1 (∼0.12) with high coherence, whereas LDA’s performance declined. Homogeneity rose beyond 10 topics, but recall collapsed (< 0.08), indicating excessive topic fragmentation. Thus, CorEx-6 was chosen to balance interpretability with classification performance for analyzing students’ negative views.


 Figure 3

CorEx and LDA Performance Metrics for Negative Comments
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Note. LDA = latent dirichlet allocation.

 
Using the 6-theme CorEx solution (Cv = 0.396), students’ negative perceptions of emergency distance learning coalesced into six interpretable disadvantage themes (Table 4). The theme labels were created by triangulating the most important keywords of the model with representative quotes and are explained in the following sections.


 Table 4 

Table of Topics and Keywords for Negative Comments

  	Topic
 	Theme
 	Keywords
 

	1
 	Limited interaction and question resolution
 	question, ask, lesson, want, answer, enter, try, homework, live, attention, write, speak, difficult, teach, short
 

	2
 	Screen fatigue and health strain
 	eye, look, screen, tire, health, hurt, deteriorate, computer, time, constantly, spend, long, affect, head, lot
 

	3
 	Perceived low quality and inefficiency
 	education, distance, think, quality, learn, definitely, high, good, efficient, negative, opinion, fact, period, home, device
 

	4
 	Audio/technical barriers to comprehension
 	teacher, voice, say, open, sound, work, hear, come, doesn’t, explain, feel, throw, microphone, environment, classroom
 

	5
 	Connectivity loss and cognitive breaks
 	understand, school, don’t, subject, like, away, better, stay, fully, connection, issue, freeze, disconnection, face, productive
 

	6
 	Access and participation constraints
 	attend, class, connect, low, people, participation, opportunity, attendance, make, unable, limit, end, wrong, broken, lecture
 





Theme 1: Limited Interaction and Question Resolution


Excerpts such as “sometimes may not be able to enter [the virtual classroom], may not get the answer we want” show that synchronous platforms often fail to replicate classroom dialogue, leaving questions unresolved and diminishing perceived teacher support.


Theme 2: Screen Fatigue and Health Strain


Students repeatedly mentioned “eye hurt ... front of computer constantly” and “neck, back ache,” indicating that the digital format imposed physiological costs that accumulated over long sessions.


Theme 3: Perceived Low Quality and Inefficiency


Phrases including “cannot get efficiency ... distance education insufficient” reveal a widespread belief that remote delivery diluted instructional quality, especially for numeracy-heavy subjects.


Theme 4: Audio/Technical Barriers to Comprehension


Students complained that “sound goes, cannot hear teacher” and that overlapping microphones confused discourse, reflecting signal-to-noise problems well documented in other synchronous e-learning studies.

 
Theme 5: Connectivity Loss and Cognitive Breaks


Reports of “freeze, disconnection, throw us out” illustrate that unstable networks fractured cognitive continuity, forcing learners to reconstruct content gaps and eroding learning efficacy.


Theme 6: Access and Participation Constraints


Statements such as “no technological device ... cannot attend” and “low participation” emphasize structural inequities: limited hardware, bandwidth, and moderated turn-taking all curtailed active engagement.

 
In summary, K–12 students in remote education during COVID-19 faced limited teacher interaction, delayed feedback, perceived low-quality instruction, especially in math, physical discomfort, technical disruptions, and inequities.


Discussion


This study examined middle school students’ distance learning experiences and their emotional responses during the COVID-19 pandemic through sentiment analysis and topic modeling techniques. We found that students’ comments generally contained negative sentiment. Additionally, students emphasized certain advantages of distance learning, such as ensuring continuity of learning while protecting individual health, saving time, and enabling flexible scheduling. However, student perspectives in general drew attention to disadvantages of distance learning, such as limited interaction and problem-solving opportunities, screen fatigue, and negative effects on health. Moreover, they emphasized the kind of structural barriers that disrupt the learning process, including technical problems, connection interruptions, and access issues. Reduced feedback and collaboration maps to weaker CoI teaching and social presences, while rigid formats and interruptions raise transactional distance; for early adolescents, limited self-regulated learning (SRL) scaffolds magnify disengagement (Garrison, 2016; Garrison et al., 2000; Moore, 1993; Pintrich, 2004; Zimmerman, 2002).

 
The sentiment analysis results show that students predominantly focused on negative characteristics may be related to the adverse situation created by extraordinary changes in their lives, such as the COVID-19 pandemic and the resultant widespread adoption of distance learning for students accustomed to face-to-face education. Indeed, studies have demonstrated that students experienced problems with engagement and motivation in distance learning courses during this period (An et al., 2023). Nevertheless, positive views were also found at a considerable level. The fact that distance learning served as the fundamental method for educational continuity during these challenging times may have been the primary basis for these views (Leech et al., 2022). Because patterns arose under ERT, implications would be crisis-contingent rather than general to fully designed online learning.

 
The topic modeling results reflecting positive views demonstrate that students experiencing distance learning for the first time at the K–12 level evaluated this process as a safe solution that ensured uninterrupted continuation of education under pandemic conditions, while simultaneously discovering unexpected advantages such as time savings, noise-free learning environments, and flexible scheduling. This finding aligns with previous studies that have emphasized the value of digital solutions in ensuring learning continuity during crisis periods (Datta & Nwankpa, 2021). Factors such as the elimination of commuting time, the absence of uniform requirements, and learning in the home environment enabled students to experience the educational process more comfortably, as was shown also in Tuguic & Bilan (2023). Having a quiet learning environment free from distracting elements and the opportunity to follow courses with a flexible schedule suitable to their own learning pace were positive attributes of distance learning for the students. However, these findings differ from other literature. For example, there are studies that have emphasized that some students in distance learning encounter more distracting elements since they are usually in home environments, and teachers experience difficulties in ensuring student participation in lessons (Kadirhan & Sat, 2024). This difference may have emerged because the teachers in our study were able to reduce problems such as natural noise by using technological tools. Indeed, studies have reported that noise in face-to-face classroom environments affects student attention and motivation (Caviola et al., 2021). The opportunity for self-regulated learning and easy access to information, along with high levels of digital literacy and the simplicity of the learning process, were highlighted by some students who said they had the opportunity to develop their digital skills (Naidu, 2019). Still, such advantages may be unevenly distributed; skills in dealing with second- and third-level digital-divide factors and the translation of use into academic benefit can shape who realizes these gains (van Dijk, 2006).

 
On the other hand, negative views were quite diverse and could be classified at structural, pedagogical, and individual levels. Students specifically indicated that synchronous platforms could not reflect classroom dialogue due to limited interaction. Questions remained unanswered, and teacher support decreased. This situation demonstrates that the limited student-teacher interaction in distance learning can negatively affect learning (Dokuchyna, 2023). In CoI terms, fragile social and teaching presences explain lower belonging and participation; in theory of transactional distance (TDT) terms, low dialogue relative to structure widens transactional distance, risking misunderstanding and withdrawal (Garrison, 2016; Moore, 1993). Physical discomforts such as eye fatigue, headaches, and neck and back pain caused by prolonged screen use among students emerged as a significant problem. This situation indicates that online education needs to be redesigned from ergonomic and health perspectives (Upadhyay et al., 2021). Students’ widespread beliefs that distance learning is particularly inefficient in mathematics and other courses with a lot of numeric content and reduces teaching quality emerged as a significant problem. These views support the necessity of strengthening student and teacher support to improve quality in distance learning, especially at the K–12 level (Martin et al., 2022). Technical problems, particularly audio quality issues, chaos created by overlapping microphones, and audio signal problems resulting in teachers being inaudible, make it difficult for students to understand lesson content; while connections drop and freeze, and platform disconnections fragment cognitive continuity, there is a need to reconstruct content gaps and strengthen learning effectiveness (Nowak & Watt, 2022). Finally, structural inequalities such as device shortages, insufficient bandwidth, and sequential speaking rights prevent students’ active participation in lessons, indicating that the digital divide deepens learning inequalities (Solano-Gutiérrez, 2024). Addressing these barriers calls for actionable steps. For example, educators could: (a) balance structure with frequent, low-friction Q&A channels (TDT); (b) restore presence via predictable micro-feedback and brief synchronous check-ins (CoI); (c) scaffold SRL with weekly planners and progress prompts; and (d) couple access initiatives with digital-literacy supports to mitigate second and third-level digital divide effects (van Dijk, 2006).

 
This study demonstrates that NLP, sentiment analysis, and topic modeling can effectively analyze middle school students’ unstructured opinions, enabling meaningful insights from large datasets. It extends prior work in distance learning (Borazon et al., 2024) and applies proven techniques from news and literature analysis (Gurcan et al., 2021; Lee et al., 2023) to the education domain. Given the short, grammar-sparse nature of K–12 texts, CorEx provided interpretable themes; a lightweight transformer baseline (e.g., BERT) could contextualise performance without inflating word count and is reserved for future work.


Conclusion


In conclusion, the COVID-19 pandemic brought both notable benefits and serious challenges to middle school students’ first experiences with online education. While students saw it as a safe way to maintain learning and gain autonomy, they also faced issues such as limited interaction, physical strain, and perceived quality loss in education. The use of NLP, machine learning, and topic modeling proved effective in quickly analyzing emotional feedback and insights.

 
In terms of implications for practice, we recommend short synchronous sessions with structured Q&A, regular micro-feedback, low-bandwidth/recorded alternatives, device–Internet support, and ergonomics-aware screen-time limits. Strengthening teacher training and promoting equity-focused initiatives will be essential to ensure that digital education becomes both inclusive and developmentally appropriate.


Limitations and Future Studies


Future research should extend the NLP-based approach to subgroup analyses (e.g., age, gender, region, and student background) to yield more fine-grained insights and guide context-sensitive policy and practice. The use of convenience sampling may introduce bias and limit generalizability; however, due to the extraordinary conditions of COVID-19, this approach was the most feasible, and future research should aim to employ more representative sampling strategies. While traditional qualitative methods can capture richer nuance, they are difficult to apply at this scale; NLP enables large-scale analysis and, when integrated with learning management systems, can provide systematic and timely insights despite some loss of subtlety. Future work should therefore combine NLP with in-depth qualitative approaches (e.g., manual coding, interviews) to balance breadth and depth and to triangulate model outputs. Finally, although CorEx was selected for short-text interpretability, future research could compare it with other state-of-the-art methods (e.g., BERT) and evaluate which approaches yield the most effective results in capturing nuance.
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