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● Go to Quizzes > Quiz 02-18 on Canvas.

○ Covers Session 10: J+M 4.7-4.10, 4.12

● You have until 1:10pm to complete it

● Allowed resources

○ Textbook

○ Your notes (on a computer or physical)

○ Course slides and website

● Resources not allowed

○ Generative AI

○ Internet searches
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Quiz



● Project proposal is due next Fri Feb 27

○ Let me know if you have questions about the info I sent over 
email

● Homework 2 on text classification will be released Fri Feb 20
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Course logistics: project

https://michaelmilleryoder.github.io/cs1671_spring2026/project.html#project-proposal
https://michaelmilleryoder.github.io/cs1671_spring2026/project.html#project-proposal


● CS 1671: https://go.blueja.io/6of2IE3sDE6Jd3SilhQWWw

● CS 2071: https://go.blueja.io/tMB2YLQ5UkCMqm5Xwtkf1w

● ISSP 2071: 
https://go.blueja.io/1PQ6V3voLEenbXmezougOA

● All types of feedback are welcome 
(critical and positive)

● Completely anonymous, will not affect grades

● Let me know what’s working and what to improve on 
while the course is still running!  

● Please be as specific as possible

● Available until next Mon Feb 23
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Midterm course evaluation (OMETs)

https://go.blueja.io/6of2IE3sDE6Jd3SilhQWWw
https://go.blueja.io/tMB2YLQ5UkCMqm5Xwtkf1w
https://go.blueja.io/1PQ6V3voLEenbXmezougOA


Muddiest point responses from last time:

● how this is relevant in nlp and what each part of the formulas 
entail

○ Cross-entropy loss: 

○ Update weights: 

● how we got the new updated weights

● the concept applied on multi dimensional vectors

● do you update one weight at a time or all weights at once

● when does the derivative get taken
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Review: learning the weights in logistic regression for binary 
classification



● Multinomial logistic regression

● Inference: using trained weights to make predictions

● Training: learning the weights

● Evaluation of text classification

○ Precision, recall, f1-score

○ Train/dev/test and cross-validation sets

● Harms in classification
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Lecture overview: Multinomial logistic regression, text 
classification evaluation
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Multinomial logistic regression 
classification
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Slide credit: David Mortensen
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Slide credit: David Mortensen
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Slide credit: David Mortensen

This output vector is the probability distribution over classes.
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Slide credit: David Mortensen
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Slide credit: David Mortensen
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Training multinomial logistic regression
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Slide credit: David Mortensen
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Slide credit: David Mortensen
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Slide credit: David Mortensen



How to evaluate your classifier
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Slide credit: David Mortensen
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Slide credit: David Mortensen

how many instances your system got right
all instances in the test set



● Imagine an “important email” classifier that notifies you when you get an 
important email

● Suppose that 99% of the messages you receive are junk and not important (we’re 
being realistic here)

● An easy important email classifier: classify nothing as important 

○ You would get lots of work done, because you wouldn’t be distracted by email

○ The email classifier would have an accuracy of ~99%

○ Everybody would be happy except for your boss

● You must take the relative importance of the classes into account, and the cost 
of the error types
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Issues with using test set accuracy

Slide adapted from David Mortensen
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Slide credit: David Mortensen
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Slide credit: David Mortensen

recall = tp/(tp+fn)

precision = 
tp/(tp+fp)



Why precision and recall

○ 2-way precision and recall are specific to a target class

● Accuracy=99% on important email detection

but

● Recall = 0 (out of all actually important emails, got none)

● Precision and recall, unlike accuracy, emphasize true positives: finding 

the things that we are supposed to be looking for
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Slide adapted from Jurafksy & Martin



We almost always use balanced F1 (i.e., β = 1). Harmonic mean
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A combined measure: F1-score

Slide adapted from Jurafksy & Martin
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Confusion matrix for 3-class classification

Slide adapted from Jurafksy & Martin
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Slide credit: David Mortensen, Jurafksy & Martin
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Harms in classification in NLP



Kiritchenko and Mohammad (2018) found that most sentiment classifiers 
assign lower sentiment and more negative emotion to sentences with 
African American names in them.

This perpetuates negative stereotypes that associate African Americans 
with negative emotions 
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Harms in sentiment classifiers

Slide adapted from Jurafksy & Martin



Toxicity detection is the task of detecting hate speech, abuse, harassment, 
or other kinds of toxic language

But some toxicity classifiers incorrectly flag as being toxic sentences that 
are non-toxic but simply mention identities like blind people, women, or 
gay people.

This could lead to censorship of discussion about these groups. 

30

Harms in toxicity classification

Slide adapted from Jurafksy & Martin



Can be caused by:
○ Problems in the training data; machine learning systems are known to amplify 

the biases in their training data. 
○ Problems in the human labels
○ Problems in the resources used (like lexicons)
○ Problems in model architecture (like what the model is trained to optimized) 

Mitigation of these harms is an open research area

Can’t fully “remove” bias because exists in societies that produced texts 
we use

So need to be explicit about what those biases may be through data 
statements and model cards
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What causes these harms?

Slide adapted from Jurafksy & Martin



For each dataset you release, document:
● Curation rationale: why were certain texts selected
● Language variety
● Speaker demographic
● Annotator demographic
● Speech situation

○ Time and place, modality, scripted vs spontaneous, intended audience
● Text characteristics

○ Genre, topic
● Recording quality (for speech)

32

Data statements [Bender & Friedman 2018]

Slide adapted from Jurafksy & Martin



For each algorithm you release, document:
○ training algorithms and parameters 
○ training data sources, motivation, and preprocessing 
○ evaluation data sources, motivation, and preprocessing 
○ intended use and users 
○ model performance across different demographic or other groups and 

environmental situations 
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Model cards [Mitchell et al. 2019]



● In an area of research or industry you are familiar with (in CS or 
outside CS), do you see issues with transparency of data and/or 
models? 

○ Is it clear under what circumstances datasets were collected? 

○ Are the intended uses of machine learning models clearly stated? 

● What are limitations of data statements and model cards?
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Discussion: data statements and model cards



● Multinomial (multiclass) logistic regression uses softmax
instead of sigmoid to get a probability distribution over 
classes

● Classifiers are evaluated with accuracy, precision, recall 
and F1-score

● Text classification systems can be biased against the 
language or references to marginalized groups

Conclusion
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