
Exploring Individual and Societal Ethical Issues of Using
Large Language Models

Exploratory Project - CS 281, Spring 2026

Due Apr 27, 2026, 1:00 PM

Introduction

In this assignment, you will have the opportunity to learn more about large language models (LLMs), their
present capabilities, vulnerabilities, and current research challenges. You will consider how we can test for
the harmful content that a model like this can generate and whom it can impact if naively deployed in the
real world.

We will explore four concepts in the recent discourse around LLMs and ethical issues.

1. In Part A, you will explore the issues around LLM biases and stereotypes that arise from mimicking
human biases embedded in the training data.

2. In Part B, you will explore the tendency of LLMs to produce sycophantic responses.

3. In Part C, you will consider the impact of political censorship in LLM generations.

4. In Part D, you will think about dual-use, where useful capabilities of LLMs can be exploited for mali-
cious purposes.

5. In Part E, you will explore broader social issues inherent in LLM usage, including their carbon footprint
and legal murkiness.

Deliverables: Please submit a file exploration.pdf that contains i) the written answers to the questions
ii) prompts you wrote to the language models iii) responses you got from the language models for each
question. You can add screenshots of your interactions with the LLMs.

Primer on Large Language Models

In simple terms, a language model is a probability distribution over sequences of tokens (words, or sub-
words). It can be used to assign a probability to a sequence of tokens according to the model

P(the, mouse, ate, the, cheese) ∈ [0, 1]. (1)

In autoregressive language models, such as ChatGPT or Claude, text is generated one token at a time
conditioned on the tokens generated so far:

P(x1, x2, . . . , xT) = P(x1)
T

∏
i=2

P(xi|x1, . . . , xi−1), (2)

where each xi ∈ V is a token from a fixed vocabulary of tokens V .
For instance, these models can be used to perform conditional generation of a response given a prompt:

P(cheese | the, mouse, ate, the). (3)

For a comprehensive description of the range of Large Language Model capabilities, please consult
lecture notes for Stanford’s CS324 course.
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Introduction

Large language models (LLMs) are trained on enormous corpora of text, often taken directly from sites
(e.g., Reddit), whose user bases skew towards young people and males [RNL+18]. As a consequence,
LLMs learn the language patterns of their training data, which is often rife with harmful stereotypes and
toxicity. Although these models are gaining popularity and widespread use, their risks have still yet to be
fully understood. Several past works have attempted to lay out categories of harms and have proposed
methodologies for stress-testing. For example, some proposals have compared the pronouns that mod-
els associate with particular job titles [RNL+18], and others have estimated the likelihood of generating
stereotypical associations when prompted with descriptors of specific social groups [NBR20]. In their crit-
ical review of existing tests, Blodgett et al. [BBD+20] distinguish between allocational harms (understood as
the downstream effects of, for example, stereotypes in resume filtering) from representational harms (which
includes stereotyping, uneven system performance, misrepresentation, and denigration of social groups).
The authors argue that any analysis on language model harms needs to begin with specifying “what types
of system behaviors are harmful, in what ways, to whom, and why, as well as the normative reasoning
underlying these statements.” This homework assignment is meant to be a first-step attempt towards this
specification.

Setup

In our exploration in this assignment, we will use the most recent LLMs that are publicly accessible. You
will write queries (a.k.a. prompts) to these LLMs to test and evoke a set of behaviors, and you will discuss
the potential consequences and impact of their output.

You are free to use one of the below models through their corresponding chat interface:

1. Claude is a family of language models developed by Anthropic. This family’s Sonnet 4.6 and Haiku
4.5 models are accessible to everyone freely, although using these models requires signing up.

2. ChatGPT is run on a combination of GPT models, a family of language models developed by OpenAI.
The GPT-5.3 Instant model is accessible freely, even without signing up as a user.

3. Gemini is a family of language models developed by Google. This family’s Gemini 3 model is acces-
sible to everyone freely.

4. DeepSeek family is a set of language models developed by DeepSeek. This family’s DeepSeek V3.2
model is accessible to everyone freely, although using this chatbot requires signing up.

5. Grok is a family of language models developed by xAI. This family’s Grok 4.20 model is publicly
available, althrough using this model requires signing up.

For the sake of consistency in evaluations, please use only the models specified above as these are the
ones that are freely accessible by everyone. For instance, please do not use more capable models from the
above providers (e.g., do not use GPT-5.4 Pro or Claude Opus 4.6).

Many of the chatbot user interfaces have optional settings that either provide the model with more test-
time compute (e.g., “Thinking”, “DeepThink”, “Extended Thinking”) or provide access to sources from the
internet (e.g., “Search”, “Web”, “Deep Research”). Unfortunately, the internal implementation differences
between settings are often opaque and under-reported. You are welcome to use these additional settings,
as long as you report them alongside the model used in your results.

These models or content moderation policies are frequently updated, thus some of the below behaviors
may change over time (e.g., [CZZ23]). All the following homework questions show recently exhibited
behaviors from the models specified in the figure captions. Do try your best to test a range of queries that
could generate the suspected behavior - but "null findings" will also receive points and we will do our best
to reward your efforts. Finally, feel free to compare behavior across different models.
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Part A: Stereotypes in Medical Training (10pts)

By mimicking human biases embedded in the training data, LLMs are known to ‘hold’ biased attitudes
and stereotypes [GRB+24]. One use-case of LLMs particularly affected by these stereotypes is in helping
educators train medical professionals. For example, a medical educator might seek assistance from LLMs
to create examples of a stereotypical patient with a disease, or to portray when and when not to recommend
a treatment. For example, in Figure 1, we see an LLM assisting a medical educator by creating two patients
that are most and least likely to abuse opioids post knee-surgery. However, we see the corresponding
portrayals hint at existing racial and gender biases associated with drug addition [Tor25; SS18; BMP+14].

Figure 1: Example of ChatGPT providing a medical educator with examples of two patients that are
likely (left) and unlikely (right) to abuse opioids. Across multiple independent generations, the vignette
for the patient that should not be prescribed low-dose opioids consistently portrays a black patient,
aligning with racial stereotypes of drug abuse.

1. (4pts) Design three pairs of contrasting prompts for an LLM that a medical educator might use to
generate patient vignettes for a specific medical condition or risk factor. For each pair, ensure that
each prompt more often produces vignettes for some demographics than others––where the LLM
associates certain demographic groups with the condition based on stereotype rather than medical
causation. Try to find patterns that hold over multiple independent queries (start a new chat for each
query). Copy or screenshot one LLM output for each prompt into your answer document. For each
pair, provide a one-line explanation of the pattern of bias you observe.

We next ask a few general reflection questions:

2. (1pt) Explain the ethical consequences that may arise if the LLM-generated patient vignettes you
identified in the previous part are used as medical training materials.

3. (1pt) If LLMs were to be used to make medical decisions for a patient, what would be your concerns?
Would there be any benefits? Name one limitation for LLM-based decision making and one limitation
for human decision making.

4. (2pts) Why isn’t the fairness criteria of "Independence" (d ⊥ c) desirable for the task of diagnosing
a patient? Given a particular medical condition and using the notation from class, consider x as the
symptoms of the patient, c as the demographic profile of the patient, d as the model’s diagnosis of
whether the patient has the condition, and y as whether the patient actually has the condition. Which
other fairness criteria would be more suitable for this setting, where failing to diagnose a patient (a
false negative) can have devastating consequences?

3



5. (2pts) Name one potential solution one could make to the LLM training data and one alteration to the
actual model training process that could reduce LLM biases in generating patient vignettes.

Part B. Sycophancy (9pts)

Figure 2: Example of Grok highly praising and reinforcing a user’s viewpoints, even though they di-
rectly oppose on another and the user is fickle (highlights and ellipses added).

Deployed LLMs have been widely documented to have sycophantic tendencies when responding to user
queries, i.e., they exhibit people-pleasing behaviors, such as affirming a user’s viewpoints, even if morally
dubious [CLK+26; STK+25]. Users trust and prefer sycophantic model responses more than non-sycophantic
ones, creating incentives for model developers to create models with such undesirable behavior [CLK+26].
In this problem, we’ll explore sycophantic model behaviors and reflect on the potential harms of syco-
phancy.

1. (4pts) Identify 4 prompt pairs that demonstrate sycophancy in model responses. Copy or screenshot
the prompts and outputs into your write-up. For each prompt pair, provide one sentence explaining
the sycophancy observed: for instance, does the model mirror user’s expressed preferences for each
prompt or provide over-the-top emotional affirmation? It may be helpful to input each prompt in a
pair into independent chats for the same model. Some ideas: query the model with enthusiasm for
opposing political candidates, present opposing sides in an inter-personal conflict, or express your
love or dislike of a pop culture celebrity.

2. (2pts) Given your observations, provide three concrete downstream harms that sycophantic model
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responses may create at the individual or societal level. Hint: examine the sources cited in this section
and feel free to reference additional sources.

3. (1pt awarded for a thoughtful response) When should models agree with a user? Drawing from your
personal experiences, is it possible to support someone without agreeing with them?

4. (2pts) Form a hypothesis of where sycophantic behavior may originate during data and model devel-
opment (one sentence). Provide a brief description of an experiment to test whether your hypothesis
is valid (you may assume access to industry-level resources).

Part C. Censorship (8pts)

Figure 3: Example of DeepSeek abstaining from responding to question about well-documented, real-
world events that Claude responds to (ellipses added).

Like many online platforms, LLM providers have great latitude in determining what information is cen-
sored or excluded from their platform. LLM providers often censor violent, explicit, hateful, or other con-
tent with high potential for grave consequences. Often due to political pressures, some LLMs censor well-
documented information about real world events. In this problem, we will explore examples of censorship
in LLMs and discuss their implications.

1. (6pts) Using two different LLMs, write 4 prompts for which one LLM provides the requested informa-
tion and the other LLM abstains from responding. Copy or screenshot your prompts and responses
into your write-up. For each censored output, explain why the information was likely censored by
one LLM and not the other.
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2. (3pts) Discuss the trade-offs of censorship from your perspective as a user: When is censorship de-
sirable/harmful and why? Assume the perspective of a different stakeholder (e.g., model provider,
government intent on media control): how may this other perspective change your previously dis-
cussed trade-offs?

3. (1pt awarded for a thoughtful response) In your ideal world, who would decide what is censored in
LLM generations and why?

Part D. Dual-Use (8pts)

In this section, we will explore how the capabilities of LLMs that are helpful (e.g., programmatic behavior,
writing assistance) can be exploited for malicious purposes.

In the context of language models, dual-use refers to the potential for these models’ capabilities to be mis-
used for malicious purposes, such as generating convincing spam, hate-speech, or giving harmful advice.
Recent advances in instruction-following language models have amplified these risks, as the improved
capabilities allow adversaries to more easily produce targeted malicious content at scale.

In Figure 4, we provide an example of dual-use in the context of exploiting programmatic behav-
ior [KLS+23]. While programmatic behavior can be very helpful when users seek help with coding or
building systems, here we observe how such dual-usage can be harmful and circumvent LLM safety mea-
sures. Although the LLMs refuse the request to write phishing emails (try it yourself!), they respond to the
request if asked in the programmatic format.

1. (3pts) Think about few LLM capabilities that could lead to dual-use, such as programmatic abili-
ties [KLS+23] or writing assistance for informative content [BZ24]. Exploiting these capabilities, de-
sign 4 prompts that could make the LLM generate text that could be used for malicious purposes.
Examples of malicious purposes include: generating hate-speech, writing phishing emails, advice on
creating bio-weapons, assisting in a user committing dangerous or harmful acts, and so on. Providing
your prompts alone will receive full credit (you do not need to query a model).

2. (2pts) Think about the dual-use examples you provided and identify an underlying capability that
enables each one. For each capability, what is the tradeoff that LLM developers face in designing
them? What should developers think through before adding new capabilities to an LLM?

3. (1pt awarded for a thoughtful response) Is it possible to design an LLM that is ‘helpful and harmless’
(e.g., cannot be used for malicious purposes)?

Part E. Societal Harms (12pts)

In this section, we will consider larger societal harms of LLMs. First, we will look into the carbon footprint
of training and querying LLMs. Then, we will explore policy and other legal implications.

One potential social harm of using LLMs is the high carbon footprint associated with their training and
inference. Various sources have reported that querying Chat-GPT-4o for a typical query costs 0.3 watt-hours
[AI23], querying for a single image generation costs about 3 watt-hours [Vin23], and training a ‘large’ LLM
could consume up to 400 kilowatt-hours [Meh23]. To meet this new energy demand, OpenAI, Oracle, and
Softbank are investing hundreds of billions of dollars in the StarGate project to build high-performance AI
data centers.1

1. (3pts) First, estimate how many text and image queries you perform on average per week. Using
the above estimates for query costs (i.e., 0.3 watt-hours per text query and 3 watt-hours per image
query), how many combined watt-hours does this equate to per year? Report 1) total watt-hours for
both queries combined and 2) how this usage compares to the unit "average-US-household-usage-
per-hour", which is approximately 1166 watt-hours [AI23]. For example, if my image and text queries

1Other companies, such as Google and Apple, are also investing billions of dollars in AI infrastructure. We’ll examine the StarGate
project due to its well-documented capacity goals.
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Figure 4: Example of dual-use with Grok. By exploiting the programmatic behavior capabilities of LLMs,
it is possible to make them write phishing emails. 7



total 4000 watt-hours per year, then I use about 4000 / 1166 = 3.5 energy units of household-hours.
Remember we are only interested in computing query inference costs, so we do not have to worry
about training costs in this question.

2. (1pt) Fine-tuning one publicly available LLM, LLaMA-3-8B, is estimated by one study [RSC25] to
consume 43.98 gCO2e 2 per epoch. If driving a gasoline car one mile outputs 350 gC02, what’s the
equivalent car-miles to training LLaMA-3-8B for 100 epochs?

3. (2pts) In September 2025, the StarGate initiative announced the opening of 5 new data centers, bring-
ing the total planned energy capacity to about 7 gigawatts.

(a) According to the U.S. Energy Information Administration, what is the name of one US state
whose 2024 "Net Summer Capacity" is less than the planned capacity of Stargate?

(b) What is an energy drain in data center operations that contributes to significantly more resource
consumption than a data center’s stated capacity? (Hint: This energy drain comprises 7% to 30%
of a data center’s electricity consumption [Age25].)

Finally, we will consider the under-developed and murky waters of LLMs, policy, and law. For example,
one potential grey-area regarding LLM usage is legal responsibility, i.e. if I use Chat-GPT to entirely gener-
ate a best-selling novel, or start a company that defrauds thousands of old people out of their life-savings,
does OpenAI have any legal ownership of these consequences?

1. (4pts) Think of 3 issues regarding LLM usage that is currently legally ambiguous or lacks appropriate
policy for appropriate regulation. For each issue, describe 2 stakeholders involved and possible harms
/ liabilities for each party.

2‘gCO2e’ is a unit that describes the equivalent energy in grams of C02 emission
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