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Abstract. This study used Natural Language Processing (NLP) and Artificial Intelligence (AI) to analyze 
ten years of teacher evaluations. The research leveraged VADER and NRC for sentiment analysis and LDA 
for topic modeling to extract key themes. The Google Gemini AI model then generated actionable 
recommendations for pedagogical improvement. Analysis of 9,052 textual comments revealed a 
predominantly positive (71%) to neutral (27%) comments, and LDA identified eight distinct topics. The AI-
driven analysis successfully provided targeted suggestions for pedagogical enhancement, offering a 
pathway toward data-informed professional growth for educators. However, multilingual feedback 
presented challenges for comprehensive analysis. 
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1.0 Introduction 
Teacher evaluations are a cornerstone of quality education, serving multiple critical functions within educational 
institutions, including informing personnel decisions, ensuring accountability, identifying professional 
development needs, and providing insights into teaching effectiveness from various perspectives. The Student 
Evaluation of Teaching (SET) is a widely adopted practice in higher education institutions due to its ease of 
implementation in collecting, presenting, and interpreting data (Spooren et al., 2013); however, a growing body 
of research highlights its significant limitations. Studies suggest that SETs are not consistently reliable or valid 
measures of teaching performance (Ed, 2000; Spooren et al., 2013; Zabaleta, 2007) and may have a limited impact 
on improving teaching practices or student satisfaction (Leguey et al., 2023). Critically, SETs are biased against 
female faculty, personality, physical appearance, age, experience, ethnicity, and race, as well as other fixed factors 
(Ching, 2018; Hutchinson et al., 2023; Kreitzer & Sweet-Cushman, 2022). Furthermore, concerns regarding bias 
against women and faculty of color raise serious ethical questions about their use in personnel decisions. 
Consequently, relying solely on potentially biased numerical ratings from SETs may lead to inequitable 
assessments of teacher effectiveness (Simmons, 1997), highlighting the critical need for more robust and nuanced 
evaluation methods. Unlike conventional numerical ratings, which often generalize complex feedback and can be 
inherently subjective or biased, advanced analytical approaches are required to extract deeper, more objective, 
and actionable insights from the rich qualitative data available.  
 
Teacher evaluations serve as a vital tool for gathering feedback on instructional practices and identifying areas for 
growth. Among the various sources of evaluation data, student comments offer a rich and direct perspective on 
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the classroom environment and the impact of teaching strategies. However, the sheer volume and unstructured 
nature of these textual responses often present a significant challenge in extracting meaningful and actionable 
insights for teacher improvement. Traditional qualitative analysis of such large datasets is labor-intensive, time-
consuming, and prone to human subjectivity, often leading to valuable student perspectives being overlooked or 
misinterpreted. Current evaluation systems frequently struggle to effectively use and analyze these objective data 
to fairly and reliably measure teacher performance and provide teachers with valuable, constructive feedback 
(Nasim et al., 2017; Rajput et al., 2016). Recognizing the inherent value of student perspectives as direct recipients 
of instruction (Balam & Shannon, 2010; Bill & Melidan Gates Foundation, 2012; Wine & Wine, 2016), this research 
posits that the wealth of information contained within their open-ended comments offers a significant, yet often 
underutilized, resource for understanding and improving teaching. The challenge lies in effectively analyzing 
these large volumes of unstructured textual data to extract meaningful and actionable insights. 
 
To directly address the limitations of traditional SETs—particularly their inherent biases, limited depth of 
feedback, and the difficulty in systematically extracting nuanced, actionable insights from rich textual feedback—
this research explores the powerful capabilities of Natural Language Processing (NLP) and Artificial Intelligence 
(AI) methodologies. Specifically, it leverages sentiment analysis (SA) techniques to analyze comments in teacher 
evaluations that are full of sentiments, emotions, feelings, appraisals, or negative remarks expressed in student 
comments (Esparza et al., 2018; Newman & Joyner, 2018; Lalata et al., 2019) and topic modeling (TM) algorithms 
to recognize the key themes and subjects discussed. The integration of these NLP methods with an AI-powered 
recommender system, built upon models like Google Gemini, presents an unprecedented opportunity to 
synthesize these analytical outputs into concrete and actionable recommendations for enhancing teaching 
practices. This approach aims to move beyond potentially biased numerical ratings and unlock the valuable 
insights embedded within student narratives. 
 
The lexicon-based sentiment analysis tool VADER, known for its high precision, recall, and F1 score in analyzing 
informal text and educational contexts (Yuliansyah et al., 2024), is well-suited for interpreting student evaluations 
due to its rule-based approach that accounts for conversational nuances like negation and punctuation (Hutto & 
Gilbert, 2014). The NRC lexicon not only provides polarity but also categorizes words into eightight primary 
emotions: anger, fear, anticipation, joy, sadness, surprise, disgust, and trust (Al-Garadi et al., 2021; Sullivan et al., 
2020). This more nuanced approach, which categorizes sentiments, provides a a deeper understanding of the 
emotional drivers behind student comments, allowing educators to respond effectively to student needs (Ohtani, 
2020). 
 
Teachers are evaluated on various aspects of their teaching performance, as students discuss aspects such as 
teaching style, how teachers organize lectures, and subject mastery (Nasim et al., 2017). To gain a more detailed 
understanding of how to enhance the teaching and learning experience, the use of an evaluation tool that captures 
the various dimensions of teaching effectiveness is recommended (Abry et al., 2018; Philip, 2020; Tafazoli et al., 
2022). To discover these aspects or topics discussed in student comments in teacher evaluations, the NLP machine 
learning technique, LDA topic modeling, shall be implemented. LDA is a topic modeling technique widely used 
in NLP for discovering hidden thematic structures in large, rich, and diverse collections of text, such as student 
comments in teacher evaluations. Word clouds are used to present visual data. Word clouds offer a valuable visual 
summary of student feedback, enabling teachers to quickly identify key themes, understand students' perceptions 
in their language, and pinpoint specific areas for revision and potential improvement in their teaching practices. 
They serve as a data-driven starting point for self-assessment and professional growth (Abry et al., 2018; Philip, 
2020; Tafazoli et al., 2022). 
  
Teacher evaluations are central to improving the teacher. However, improving teacher effectiveness does not end 
with knowing how positively or negatively students evaluate a teacher and on what aspect of teaching students 
need to improve their learning processes. Recommendations to improve the quality of teaching are essential for 
maximizing the benefits of teacher evaluations. The AI Google Gemini recommender system has the potential to 
develop teaching quality and student engagement within educational contexts. AI-driven insights can suggest 
areas for improvement, enabling educators to deliver targeted support and interventions where necessary (Seo et 
al., 2021); uncover student learning behavior patterns, helping teachers to redesign curriculum and instructional 
strategies (Hashim et al., 2022; Luan et al., 2020); and reveal trends in classroom dynamics and instructional 
effectiveness (Wang, 2025; Zhang & Zhang, 2024). The AI Google Gemini recommender system holds the potential 
to revolutionize education by improving teaching and learning. 
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This research aims to demonstrate a robust framework for leveraging NLP and AI to extract actionable insights 
from a substantial dataset of student comments collected over ten years of teacher evaluations. Specifically, this 
study involves: (1) cleaning and preprocessing the textual feedback; (2) applying NRC(National Research Counci) 
Word-Emoticon Association Lexicon and VADER (Valence Aware Dictionary and sEntiment Reasoner) lexicons 
for sentiment analysis; (3) employing LDA (Latent Dirichlet Allocation) for topic modeling; (4) determining the 
sentiment associated with each identified topic; and (5) utilizing Google Gemini as an AI model to generate 
targeted recommendations, effectively functioning as a recommender system, for teacher improvement based on 
the synthesized sentiment and topic analysis. This approach seeks to transform raw student feedback into practical 
guidance for educators. 
 
The results of this research are critically important for enhancing teacher development and improving the quality 
of instruction. By providing a systematic and AI-driven method for analyzing student feedback, this study offers 
a pathway towards data-informed professional growth for educators. Furthermore, the integration of advanced 
NLP techniques with AI-powered recommendation generation presents a novel approach to leveraging student 
voice for continuous improvement in teaching effectiveness. This work contributes to expanding academic 
understanding of educational data mining and the application of AI in enhancing learning and teaching practices. 
 
2.0 Methodology 
2.1 Research Design 
The study employed a descriptive-quantitative approach utilizing NLP and AI to analyze 10 years of student 
comments from teacher evaluations, identifying sentiments, key topics, and generating AI-driven 
recommendations for teacher improvement. Quantitative NLP techniques quantify the sentiment expressed in 
student comments by assigning numerical scores by applying algorithms like VADER and determining topic 
distributions. By quantifying sentiment associated with specific topics, the research aimed to provide a data-
driven foundation for the AI-powered recommender system.  
 
2.2 Research Locale 
The textual data analyzed in this research originates from student evaluations of teaching conducted at the 
University of the Cordilleras (UC), Philippines. The dataset encompassed student comments collected over a ten-
year period (2009-2019), spanning 46 trimesters, across various undergraduate and graduate courses offered by 
different colleges within the institution. These evaluations are typically administered at the middle of each 
trimester to gather student feedback on instructor performance and the learning environment. All student 
comments were collected anonymously to encourage honest feedback, and the confidentiality of both student 
responses and instructor identities has been maintained throughout the data analysis process. 
 
2.3 Research Participants 
The participants of this study were undergraduate and graduate students currently enrolled in various courses 
offered during the conduct of teacher evaluation. Students provided the comments anonymously as part of the 
standard teacher evaluation process, and detailed written comments were voluntary. Sampling of comments was 
not employed, but rather, all available comments within the defined period were included. The analysis included 
a substantial volume of student feedback, totaling several thousands of comments.  
 
2.4 Research Instrument and Data Pre-Processing 
This research utilizes archival data in the form of textual comments from student evaluations of teaching, collected 
over a ten-year period (2009-2019). The analysis of this data was conducted using several computational tools and 
techniques. Sentiment was assessed using two lexicon-based approaches. NRC was employed to identify the 
presence of different emotions and overall sentiment in the text. Additionally, VADER was used, a sentiment 
analysis tool particularly effective for analyzing sentiment expressed in online text due to its sensitivity to valence 
and intensity. VADER provides positive, negative, neutral, and compound sentiment scores for each comment. 
 
Prior to analysis, using the Natural Language Toolkit (NLTK) library in Python, the textual data was preprocessed. 
This involved steps such as removal of URLs to focus solely on the actual words and their meanings expressed by 
students; removal of hashtags to reduce redundancy; removal of numbers, which do not contribute to the 
linguistic meaning; removal of punctuation to standardize texts; removal of duplicate words leading to a more 
accurate representation of the actual word usage; and removal of stop words to highlight important words. By 
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cleaning the text, the signal-to-noise ratio is improved, and NLP models extract more accurate and meaningful 
insights from the students’ comments. 
 
Despite these systematic steps, a primary challenge was handling non-English feedback. Student comments, while 
predominantly in English, occasionally included Filipino (Tagalog) and other local Cordilleran dialects. Since the 
primary computational tools, VADER for sentiment analysis and LDA for topic modeling, are largely optimized 
for English text, the presence of multilingual content presented a limitation. While these instances were observed, 
they were not systematically translated due to the volume and the focus on overall English-based patterns. Other 
common challenges involved inconsistencies in spelling and informal language use inherent in student feedback. 
 
2.5 Data Gathering Procedure, Data Source, and Sampling Strategy 
The researcher had no personal involvement or participation in the initial curation of this extensive 10-year dataset 
of raw student evaluations from the institutional database. The researcher’s role was that of a secondary user of 
this existing institutional record. The dataset for this study comprises student textual comments during the 
conduct of the Student-Course-Teacher (SCT) evaluations collected over ten consecutive academic years, 
specifically from the 3rd trimester of the academic year 2008-2009 to the 2nd trimester of 2018-2019. From the 
perspective of the institutional records, this represents a census of available comments, not a sample derived by 
the researcher. The Human Resources Development Office (HRDO) forwarded via e-mail a set of 46 .csv files of 
students’ comments as they existed in the institutional database. This comprehensive 10-year research approach 
was chosen specifically to capture the full spectrum of student feedback over a significant duration, allowing the 
determination of trends and patterns in student perceptions. 
 
Upon receipt, the 46 .csv files of comments were then exported into a single .csv structured format, keeping 
individual copies for archival purposes. The process ensured that the textual data was isolated and prepared for 
subsequent analysis. All student comments were provided anonymously as part of the standard evaluation 
process, and the extracted data maintained this anonymity throughout. It is crucial to acknowledge the potential 
sources of bias inherent to the original primary data collection. The researcher had no control over student 
participation rates in the evaluations, and the administrative procedures of the SCT evaluation system, which may 
have evolved over the 10-year period, could influence the nature and scope of the comments provided. Further, 
the researcher has no control over the subjectivity inherent in qualitative feedback that may lead to skewed 
representation of highly positive or negative feedback. 
 
While the researcher could not influence the primary data generation, managing these inherent biases in the 
analysis phase was clearly stated: this study is a secondary analysis of institutionally collected data. In the 
systematic processing of the vast volume of textual data, VADER (Valence Aware Dictionary and sEntiment 
Reasoner) was employed using Python for automated sentiment analysis, and Latent Dirichlet Allocation (LDA) 
was utilized in Python for automated topic modeling. The results from these computational methods, providing 
sentiment values and identified topics, were reported as generated by the algorithms.  
 
2.6 Ethical Considerations 
While research involving student feedback typically necessitates formal ethical clearance, the nature of data 
acquisition for this study followed an established institutional process that prioritized data privacy and 
anonymity. The dataset, comprising ten years of student textual comments from teacher evaluations, was obtained 
following an official request submitted to the Vice President of Administration and Student Services (VPASS). 
Crucially, HRDO was responsible for providing the dataset. Prior to release, the HRDO informed the researcher 
that the HRDO undertook comprehensive de-identification. This involved the complete removal of all personally 
identifiable information, including the names of faculty members and their corresponding quantitative ratings. 
Only the textual comments, completely stripped of any direct identifiers, were extracted from the secure 
institutional database for the purpose of this analysis. 
 
Given that the data was already thoroughly anonymized by the HRDO and provided through an official 
institutional channel with built-in privacy safeguards, a separate ethical clearance protocol number was not 
formally pursued for this specific analysis of de-identified textual data. The study, therefore, operated under the 
premise that the data, as received, was in compliance with ethical guideline not requiring further institutional 
review board for human subjects. Despite the absence of a formal ethics approval number, this research strictly 
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adhered to the principles of data privacy and confidentiality, ensuring that no personally identifiable information 
was accessed, processed, or reported throughout the study. 
 
3.0 Results and Discussion 
A comprehensive analysis of findings from applying Natural Language Processing (NLP) and Artificial 
Intelligence (AI) techniques to a decade of student comments from teacher evaluations is presented. Building on 
the established methodology, it systematically unveils key themes identified by Latent Dirichlet Allocation (LDA) 
topic modeling, their associated sentiment determined by VADER and NRC lexicons, and actionable 
recommendations for teacher improvement generated by the Google Gemini AI model. Sentiment analysis, 
employing tools like VADER and NRC, facilitated a nuanced interpretation of student feedback by categorizing 
comments into positive enthusiasm, negative, and neutral comments, allowing for analysis exceeding a superficial 
examination of textual data.  The bar graph in Figure 1 shows unnoticeable differences in the counts for positive, 
negative, and neutral sentiment when analyzed by two different analysis tools, VADER (blue bars) and NRC (red 
bars). 

 

 
 

Figure 1. Comparison of the Sentiment Classifications using VADER and NRC 
 
Both VADER and NRC identified a significantly large number of comments as positive, with VADER classifying 
slightly fewer (6447) than NRC (6451). The counts are very close for this category. Both tools also classified a 
substantial number of comments as neutral. Again, the counts are very similar, with VADER identifying 2494 and 
NRC identifying 2469. Both VADER and NRC classified a relatively small number of comments as negative 
compared to the positive and neutral categories. VADER identified 111 negative comments, while NRC identified 
slightly more, at 132. Both VADER and NRC show a similar distribution of sentiment across student comments. 
Many comments are classified as positive, followed by a significant number of neutral comments, and a much 
smaller number of negative comments. The counts for each sentiment classification are close between the two 
tools. 
 
While both VADER and NRC serve as valuable resources in sentiment analysis, their design, underlying 
methodologies, and sensitivity to linguistic nuances can lead to similar outcomes in specific contexts (Heaton et 
al., 2023; Mujahid et al., 2021). Despite this, combining VADER and NRC is often lauded as a practically powerful 
approach, providing a multifaceted view of feedback that encompasses not just general sentiment but also 
emotional tone, thereby enhancing the interpretation of student comments (Mahmood et al., 2020). However, in 
contrast to this anticipated benefit, this powerful combination of VADER and NRC did not manifest as expected 
in the current study, as evidenced by Figure 2. Specifically, there was no notable increase in counts for neutral 
sentiments compared to using a single sentiment analysis tool. 
 



 508 

 
Figure 2. Distribution of Sentiments using VADER and NRC 

 
The finding of a predominant neutral sentiment — over 27% of analyzed comments showed a predominant 
neutral sentiment, necessitating further examination. A key factor influencing this finding is the existence of non-
English feedback stated in Filipino, Ilocano, or native dialects. Sample comments revealed frequent use of Filipino 
and local dialects. Sentiment analysis tools, such as VADER and NRC, which rely on English lexicons, often fail 
to recognize sentiment in languages other than English. This likely leads to non-English sentiment-bearing words 
being classified as neutral, thereby inflating the proportion of neutral sentiment. For example, phrases like “palagi 
kayo ingat” and “masaya,” potentially positive for native speakers, would likely be deemed neutral. This linguistic 
characteristic reveals a limitation of using English-based sentiment analysis on multilingual feedback. The actual 
sentiment distribution may be more polarized than indicated. Future research could investigate multilingual 
sentiment analysis or translation to capture student sentiment more accurately. 
 
Figure 3 presents a sample sentiment report generated by choosing a .csv textual comments of 183 rows of 
comments. This report highlights crucial aspects of the analysis, including the 'Original_Text' and 'Cleaned_Text' 
columns, sentiment VADER score, and the polarity of the comment (positive, negative, or neutral). This report 
provides transparency into the preprocessing steps, allowing users to cross-reference initial feedback with the 
processed version. 
 
In the sample report (Figure 3), generally providing positive sentiment scores, with comment #175 having an 
almost perfect sentiment score of 0.9380, while a negative sentiment score for the comment in line #179, notably a 
comment combining Filipino and English. Another notable observation is the comment in line 5, 'calm, 
approachable', which was evaluated as 'neutral' by VADER. While 'calm' and 'approachable' are individually 
recognized as positive by standard VADER, the preprocessing step's removal of the punctuation, in this case, the 
comma (,), led to VADER's inability to parse this phrase for sentiment correctly. This specific instance highlights 
an area for future refinement in preprocessing to ensure better handling of punctuated positive phrases, thereby 
enhancing the detection of comment sentiment. 
 
A critical consideration during the application of VADER was the multilingual nature of some student feedback. 
As depicted in Figure 3, the original comments included instances of Filipino phrases and code-switching 
alongside English text (e.g., sample comments in Rows 179 and 180 explicitly demonstrate this linguistic mixture). 
Since VADER is primarily calibrated for English, its direct application to these multilingual segments presented a 
limitation. While efforts were made during preceding data cleaning steps, the nuances of non-English expressions 
or code-switching could not be fully captured or accurately interpreted by VADER's English-centric lexicon. 
Therefore, the sentiment scores predominantly reflect the sentiment conveyed through the English-language 
components of the feedback, acknowledging that sentiment expressed solely through non-English phrases may 
not have been fully or accurately reflected in the quantitative analysis. Following sentiment analysis, LDA was 
employed to identify multiple topics, enabling a more comprehensive analysis. The performance and 
interpretability of Latent Dirichlet Allocation (LDA) are highly dependent on the selection of an appropriate 
number of topics, denoted as k. A higher coherence score generally indicates more interpretable and meaningful 
topics. Analysis of 9,052 textual comments spanning 10 academic years revealed a predominantly positive (71%) 
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to neutral (27%) sentiment and identified eight distinct topics that characterize student feedback on teacher 
evaluations. 
 

 
 

Figure 3. Sample Original Cleaned Comments 
 
 
To provide a clearer, qualitative illustration of these identified thematic structures and their manifestation within 
student feedback, Figure 4 presents a detailed summary of overall sentiment per topic, covering four topics, and 
offers a multifaceted view of student perceptions regarding teaching effectiveness. A comprehensive 
understanding of each topic and connecting the thematic insights with the sentiment expressed. This specific 
example highlights the key terms and their prominence within this particular topic, providing a detailed insight 
into the types of insights uncovered by the LDA model. 
 

 
 

Figure 4. Overall Sentiment Per topic 
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The tabular presentation of overall sentiment analysis per topic in Figure 4 highlights each identified topic, its top 
keywords, the number of comments assigned to it, and its sentiment distribution as analyzed by VADER. For 
instance, Topic 3 labeled “Calm English Activity Lesson”, qualitatively characterized by themes such as “activity”, 
“improve”, “chill”, “lesson”, and “calm”, exhibited the highest sentiment score of 0.50. This strong positive 
sentiment is quantitatively supported by the fact that 16 clustering comments were dominated by 75% positive 
comments and contained no negative comments, indicating a highly favorable student perception of this specific 
aspect of teaching.  
 
This positive finding stands in clear contrast to Topic 2, which focuses on themes such as “lesson”, “magturo”, 
“considerate”, “magaling”, and “teacher”, labeled as “Awesome Teacher Lesson”. Despite its larger cluster of 
comments, Topic 2 registered a lower average sentiment score of 0.27. This reduced score is quantitatively 
contributed to by a significant 18.2% of negative comments, suggesting specific areas within these themes where 
student experiences are less favorable or challenging.  
 
Figure 4 thus provides granular insights into the sentiment expressed within each of the identified thematic areas, 
offering a crucial bridge between the qualitative outcomes of topic modeling (what students discuss) and the 
quantitative results of sentiment analysis (how students feel). This integrated view directly informs the actionable 
recommendations generated by the AI model, enabling targeted pedagogical improvements based on the specific 
strengths and weaknesses revealed by this dual analysis. The initial sentiment analysis using VADER consistently 
showed an overwhelmingly positive sentiment across all four identified topics, with positive comments ranging 
from 60.5% in Topic 0 to 75.0% in Topic 3. Delving deeper, however, it became clear that Topic 2 and Topic 0 also 
contained the highest proportion of negative comments. The prevalence of negative feedback in these specific 
areas highlights critical weaknesses, indicating a need for actionable insights to address these deficiencies 
effectively. 
 
To gain a more granular qualitative understanding of the specific content and prominence of terms within these 
discussions—especially to contextualize the nuances in sentiment and pinpoint the nature of identified 
weaknesses—a word cloud analysis was subsequently conducted. As established, in a word cloud, the most 
frequent words in the corpus appear the largest and are considered the most central and important terms 
associated with the topic (Heimerl et al., 2014). Figure 5 visually presents four distinct word clouds, one for each 
identified topic, with concise labels generated by Google Gemini AI recommender, offering a direct visual 
representation of the key qualitative insights.  
 

 

 
 

Figure 5. Sample Word Clouds to Present the Topics 
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The subsequent discussion will provide a detailed interpretation of Topic #0 as a representative example. Topic 
#0 ('Love the subject!') was selected for its positive sentiment and high number of comments, providing valuable 
insights into aspects of teaching that are well-received.  
 
Topic #0: “Love the Subject” word cloud is dominated by terms such as "teaching," "subject", "love," “student,” 
and "experience." This theme indicates positive feedback and encapsulates students’ love or strong appreciation 
of the subject and how it is being taught. The theme grounds these sentiments in the actual learning environment, 
where student can share their experiences within the class. Topic 0 indicates students’ love for the subject, 
suggesting that “time” is running out “fast” to experience the class. This topic, with 38 comments and a sentiment 
score of 0.37, supported by 60.5% positive and a minor 5.3% negative comments, indicates practical pedagogical 
approaches that foster student enthusiasm and enjoyment in the learning process. 
 
Words in a word cloud do not portray relationships, which may contribute to a shallow understanding of the 
content (Vrain & Lovett, 2019). Teachers may struggle to extract meaningful insights; therefore, adequate training 
is necessary in analyzing visual data, which can complicate the process of deriving meaningful information from 
word clouds (Boonen et al., 2016).  Thus, an AI recommender system can be used to interpret word clouds to relay 
insights to teachers. 
 
Utilizing the Google Gemini model, topics and their corresponding sentiment scores were identified. These data 
were then synthesized to generate actionable recommendations aimed at improving pedagogical practices, 
effectively transforming student feedback into pragmatic guidance for educators.  
 
Figure 6 illustrates a sample of these actionable insights for Topic 0. Google Gemini AI generates a topic theme 
and provides actionable insights to enhance teaching effectiveness. The theme recommended by Google Gemini 
for Topic 0 is “Love the Subject,” which revolves around the largest word in Topic 0, “teaching”.  
 

 
 

Figure 6. Google Gemini AI Recommendations for Topic 0: “Love the Subject!” 
 
Based on the analysis of Topic #0, 'Love the subject!'—a theme consistently associated with positive student 
sentiment—Google Gemini generated key actionable recommendations aimed at fostering and enhancing this 
positive learning experience. Specifically, Google Gemini recommends teaching the subject by connecting it to 
students' personal lives, thereby enabling them to share relevant experiences in class. This includes encouraging 
projects that allow students to connect concepts to their hobbies, aspirations, or interests. Additionally, Google 
Gemini advises implementing frequent group work that encourages students to share their understanding with 
peers. Complementing these student-focused strategies, Google Gemini also emphasizes the teacher's role by 
recommending that they model enthusiasm and actively share their passion for the subject. 
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Beyond merely categorizing student feedback, this study's unique contribution lies in its innovative integration of 
advanced AI capabilities, specifically the Google Gemini recommender system, with a comprehensive analysis of 
teacher feedback. Traditional teacher evaluation methods often yield broad numerical scores or large volumes of 
unstructured textual comments that are challenging for educators to interpret and act upon effectively. This 
study’s approach moves beyond these limitations by leveraging AI to synthesize qualitative thematic insights 
with quantitative sentiment analysis, thereby providing highly contextualized and actionable pedagogical 
recommendations. This integration transforms raw feedback into precise, data-driven strategies for improvement, 
representing a significant advancement in how educators can utilize student evaluations for continuous 
professional development. 
 
Building upon the insights provided by VADER’s sentiment scores and LDA’s topic models, which include 
sentiment scores per topic, Google Gemini leverages the insights from topic modeling and sentiment analysis of 
student feedback to generate actionable, pedagogical recommendations. It synthesizes the 'what' (topics students 
are discussing) with the 'how they feel' (sentiment) to provide targeted suggestions for improving teaching and 
learning. Therefore, with individual teacher evaluation results feeding the AI Google, Google Gemini 
recommender system, teachers gain targeted resources and insights to directly enhance their pedagogical 
approaches and student engagement directly, leading to significant improvements in teaching effectiveness and 
a more data-informed approach to professional development. 
 
4.0 Conclusion 
This research aimed to demonstrate a robust framework for leveraging NLP and AI to extract actionable insights 
from a substantial dataset of student comments collected over ten years of teacher evaluations. The sentiment 
analysis revealed a predominantly positive to neutral tone in student feedback across the decade, with similar 
distributions identified by both VADER and NRC. To visually represent the eight topics uncovered by LDA, word 
clouds were utilized. Notably, the presence of non-English feedback likely contributed to the neutral sentiment 
observed. The application of Google Gemini demonstrated its potential to generate relevant and actionable 
recommendations for teachers based on the identified topics and their associated sentiment, offering specific 
suggestions for pedagogical and engagement enhancements. 
 
This study provides valuable insights into understanding and enhancing teacher effectiveness. The data-driven 
aspects of teaching with sentiments provide a better understanding of what students value, which shall guide 
teachers in their professional development. The potential of AI recommender systems to offer personalized 
insights and recommendations from a rich data source is an approach supporting continuous teacher growth. 
While providing initial insights, this study's methodology is limited by its reliance on English-language sentiment 
analysis tools, which potentially underrepresent sentiments in diverse, multilingual feedback. Subjectivity in topic 
interpretation by researchers also affects findings, suggesting a need for standardized, automated methods. The 
practical effectiveness of the AI system depends on the quality and representativeness of its training data, as well 
as the depth of pedagogical principles integrated, requiring ongoing assessment and refinement for optimal 
educational impact. 
 
Future research directions aimed at expanding this investigation include integrating multilingual natural 
language processing tools. This research aimed to demonstrate a robust framework for leveraging NLP and AI to 
extract actionable insights from a substantial dataset of student comments collected over ten years of teacher 
evaluations. The sentiment analysis revealed a predominantly positive to neutral tone in student feedback across 
the decade, with similar distributions identified by both VADER and NRC. To visually represent the eight topics 
uncovered by LDA, word clouds were utilized. Notably, the presence of non-English feedback likely contributed 
to the neutral sentiment observed. The application of Google Gemini demonstrated its potential to generate 
relevant and actionable recommendations for teachers based on the identified topics and their associated 
sentiment, offering specific suggestions for pedagogical and engagement enhancements. 
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