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Introduction

• Higher education institutions generate large amount of 
unstructured data:
• From course evaluations and advising notes to online discussions, campus 

surveys, and even Reddit conversations.

• Text analytics is opening a new frontier for institutional research:
• Simple rule-based methods

• Advanced machine learning models

• Powerful AI language models

• Text analytics transforms unstructured text into strategic insights



Some algorithm challenges with sentiment analysis

“Not terrible”, “I expected worse” “Brutal exam, but fair instructor”

Mixed sentiment/context cluesSarcasm/irony

Negation

“Not terrible”, “Some exams were 
not bad”

Idioms/cultural nuances

“Barking up the wrong tree,” “Break 
a leg”— American culture

Algorithm: might flag “terrible” and 
“worse” as negative score.

Algorithm: might fixate on “terrible” and 
“bad” as negative score. 

Algorithm: might weigh “brutal”  as 
negative and “fair” as positive score.

Algorithm: without training, “wrong” and 
“break” might be negatively scored. 



Steps for classical and machine learning text analysis

• Data definition: (task and output)

• Text preprocessing (All methods):
• Cleaning -> remove special characters

• Tokenization -> convert text into smaller units (words or sentences)

• Normalization -> case folding (lowercasing) and convert numbers to words.

• Stopword removal -> remove words that don’t add meaning (“a”, “the”…)

• Stemming/lemmatization -> Reduce words to their base/root form (“running” 
to “run”)

• Feature extraction -> convert text into numerical representations

• Model training and evaluation (Only ML models): train the model on 
labeled data and evaluate using metrics.



Classical non-ML approaches

• Tokenization and keyword extraction

• Term statistics or word frequency

• N-grams (TF–IDF)

• Probabilistic models such as topic modeling



Challenges of Classical non-ML approaches

• Limited ability to understand context (fixed rules or dictionaries)

• High vocabulary sensitivity (misspell, abbreviations, slang, emojis)

• High manual maintenance (hard to manage at scale)

• No learning from data (do not improve over time)

• Struggle with higher education complexity (disparities in language)

• Domain specificity (hard to transfer across contexts)

• Cannot produce abstractive summaries



ML approaches

Supervised learning (SL):
• Naive Bayes 

• Support vector machines (SVM)

• Random forest

• Probabilistic models such as topic 
modeling

• Lexicon-based sentiment

Unsupervised learning (UL):
• Topic modeling

• K-means clustering

Semi-supervised learning (SSL):
• Self-trained models

• Generative models



Confusion matrix

Positive Negative

Positive True Positive (TP) False Positive (FP) 
Type 1 error

Negative False Negative (FN) 
Type 2 error True Negative (TN)
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Evaluation Metrics
Precision: when we predict 
Positive, how often are we 
correct?

𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
1

1+1
 = 50%

Recall: out of all actual Positives, 
how many did we find?

𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
• 𝐻𝑖𝑔ℎ 𝑟𝑒𝑐𝑎𝑙𝑙

1

1+0
= 100%

F1-score: Harmonic mean of 
Precision and Recall

2 ∗ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)

• 𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑠 𝐹𝑃 𝑎𝑛𝑑 𝐹𝑁

2∗(0.5∗1 )
(0.5 + 1)

 = 67%

Accuracy: overall correctness
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁)
• 𝑈𝑠𝑒𝑓𝑢𝑙 𝑤ℎ𝑒𝑛 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 𝑎𝑟𝑒 𝑏𝑎𝑙𝑎𝑛𝑐𝑒𝑑

• 𝐶𝑎𝑛 𝑚𝑖𝑠𝑙𝑒𝑎𝑑 𝑢𝑛𝑑𝑒𝑟 𝑖𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒

0+1
2

  = 50%



Supervised model results



Supervised model ROC curves



Unsupervised approach – List of six top topics and terms



Unsupervised approach – Topic modeling



Unsupervised approach - K-mean clusters



Deep Learning approach (VADER vs TextBlob)



TextBlob polarity vs VADER



Challenges of ML approaches

• Requires labeled training data (comments are long and nuanced)

• Sensitive to imbalanced classes (comments could be more positive or 
negative, depending on the domain)

• Limited contextual understanding (struggle with long narratives)

• Transferability is limited (advising notes cannot work on course 
evaluations)

• Hard to interpret classical rules (why this is classified as negative)



AI/LLMs approaches

• Deep contextual understanding (interpret sarcasm)

• Zero-shot and few-shot classification (LLMs can perform text 
classification based on prompts)

• Abstractive summarization (understand and rephrase concepts)

• Automatic topic discovery and clustering

• Multilingual and code-switching support (they can process Spanglish)

• High flexibility across domains (generalize well across domains)

• Ability to combine multiple tasks (sentiment analysis and 
summarization)



AI Agent Sentiment Analysis and Text 
Summarization Example 

• AI agent tool used: Gemini

• Example analysis file: Course Evaluation – How hard is a class. 10,564 responses. Took 15 seconds 
for Gemini to finish the analysis.

• Analysis prompt: Please provide sentiment analysis and text summarization by group categories 
using classical non-ML and ML models and compare which model performs better.



Comparison of sentiment analysis by methods

Classical Non-ML

AI



Challenges of AI-driven approaches

Hallucination and fabrication risks (incorrect summaries, invented 
themes)

Difficulty verifying accuracy (human-in-the-loop validation)

Sensitive to prompt design (small changes in prompts can produce 
large changes in outputs)

Limited transparency (do not reveal internal reasoning)

Domain adaptation challenges (High Ed has academic jargon, Dept 
specific vocabulary)

Privacy, FERPA, and data governance concerns 



How IR offices can validate AI results

Reviewing agent 
workflows and logs

• Trace agent logic or 
workflow, which 
provides evidence of 
how it reached a 
conclusion.

• Audit logs for each step, 
data sources, and tool 
calls to ensure data 
privacy and accuracy.

• Review the underlying 
large language model 
(LLM) calls to 
understand the prompts, 
responses and potential 
issues in reasoning.

Validating output accuracy

• Compare AI analyzed 
text against human-
verified known good 
data.

• Implement unit tests for 
output, particularly for 
coding or structured text 
tasks.

• Implement human-in-
the-loop (HITL) model to 
validate findings to 
confirm accuracy and 
understand the root 
cause of any 
discrepancies.

Implementing 
performance and quality 

metrics

• Implement hallucination 
check to detect when a 
model generates false, 
misleading, or 
nonsensical information 
confidently. . 

• Implement task success 
rate (TSR) to measure 
the effectiveness and 
reliability of AI models 
achieving goals.

• Implement bias 
monitoring for unfair, 
discriminatory, or 
skewed outcomes. 

Implementing systemic 
and security controls

• Apply prompt injection 
testing to check 
vulnerabilities where 
malicious or unexpected 
inputs manipulate LLMs.

• Verify policy adherence 
to make sure the output 
complies with the 
institution’s ethical and 
private policies.

• Implement monitoring 
tools (specialized AI 
monitoring software)



Conclusions

• No single methodological approach is universally superior.
• The optimal choice is context-dependent.
• Classical non-ML methods are still valuable for some projects.
• ML models offer stronger predictive performance and scalability. 

but require more data, more computational capacity, and more 
specialized expertise.

• AI and Large Language Models (LLMs) enable unprecedented. 
automation, adaptability, and rapid text processing. However, 
they introduce new risks.



Questions?



Thank You!
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