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Foo Law Lab, Georgetown University1 
 
The Foo Law Lab (also called the “Technology Impact Lab”) at Georgetown University rigorously 
evaluates technical products and services to assess their compliance with state privacy, data 
protection, artificial intelligence, and consumer protection law. Our primary audiences are the 
primary enforcers of those laws, the state attorneys general, with a special focus on the staff of 
the Office of the Attorney General of Colorado. 
 
This special report summarizes findings we have made about a new offering being marketed to 
K-12 educators: automated individualized education plan (“IEP”) generators. 
 
IEPs are legally binding documents created for students who qualify for special education 
services under the federal Individuals with Disabilities Education Act (IDEA).2 In Colorado, IEPs 
are ordinarily developed through a collaborative process involving parents, teachers, special 
education providers, and sometimes the student, where the team identifies the child's present 
levels of performance, establishes measurable annual goals, and determines necessary 
accommodations and services. Once established, the IEP guides the delivery of specialized 
instruction and related services that help students access the general education curriculum, with 
Colorado schools required to implement all components of the document. Without the aid of AI, 
the creation of a child’s IEP generally requires IEP teams of multiple support personnel and 
several days of consultations and evaluations. 
 
At least two companies–MagicSchool and Playground IEP–currently market automated 
AI-based IEP generators to Colorado schools. They both provide simple, user-friendly interfaces 
with which educators enter a narrative description of a student and, in return, generate a full IEP 
almost within “seconds.” Importantly, both provide product demos on their websites, which 
permitted us to test these offerings. 

 

2 20 U.S. Code § 1400 et seq., see U.S. Department of Education. (2025). Individuals with Disabilities 
Education Act (IDEA). Retrieved May 1, 2025, from 
https://www.ed.gov/laws-and-policy/individuals-disabilities/idea 

1 This work was primarily completed by Georgetown students Khadija Mian and Wisdom Obinna, with 
support from Jess Jamous, Bridget Reineking, and Haley Smith. The work was supervised by Meg Leta 
Jones, Paul Ohm, and Jon Brescia. 
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Fig 1: MagicSchool IEP interface 

 

 
Source: magicschool official web application 
 
 
Fig 2: MagicSchool IEP generating for a prompt of 7th grader with dyslexia 

 

 
Source: magic school web application 

2 



 
 
 
Fig 3: Playground IEP options interface 

 

 
 

 
Fig 2: Playground IEP goal writer generating output of a prompt of a 7th grader with dyslexia 
 

 
Source: Playground web application 
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Findings 
 
We undertook a thorough and rigorous analysis of these demo services, utilizing established 
research methods. For a full description of our methods and results, details will be published in 
the complete report. Here is a summary of our most important findings and evidence: 
 

●​ These services are based on large-language model (“LLM”) technology. To no surprise, 
these services are built on top of LLM technology. Although neither service promotes this 
fact in their official marketing, we found a note in Playground IEP’s github page that it is 
built to utilize both ChatGPT from OpenAI and Llama 2 from Meta.3 We also encountered 
several hallmarks of LLM use: 

○​ 1. Patterned, formulaic phrasing. These IEP generates produce sentences that 
echo predictable templates: e.g., “By [timeline], the student will…” or “Supports 
included:…”—reflecting LLM training structure. 

○​ 2. Consistent standardization patterns. For instance, academic expectations 
fluctuate across prompts, often without any additional academic information 
provided in our test prompts. 

○​ 3.  Particular types of errors or inconsistencies 
 

●​ The companies have implemented guardrails to try to keep the models on-task. We tried 
using several well-known “jailbreak” techniques to get the services to lose track of their 
assigned tasks or to get them to reveal more about their LLM underpinnings. None of our 
attempts worked, suggesting that these services (or their underlying LLM models) have 
been protected by guardrails. 

○​ When prompted to bake a pie, Magic School’s IEP remained on task (though 
Playground’s did not). Magic School’s IEP also refused to produce outputs based 
on prompts that included sensitive words.  

 
●​ These guardrails try superficially to protect against potential bias, but inconsistently. We 

found evidence that these LLMs were trained to avoid talking about certain protected 
class attributes of students, perhaps in an effort to avoid engaging in illegal bias. Still, 
these protections were not applied to all protected classes. Playground IEP’s CoPilot 
service seemed to never use the words “male” or “female” in IEPs, even when gender 
was included in the user prompt. They did use masculine and feminine pronouns. 

 
●​ The services produce IEPs that reflect invidious bias, possibly in violation of state and 

federal civil rights laws. LLMs suffer from well-documented bias problems, and guardrails 
often fail to protect against them. Through a/b testing, we revealed several examples of 
problematic bias based on protected classes, the kind that might be a violation of civil 
rights laws if adopted by a school: 

3 TEDAI-Hackathon. (2025). IEPCoPilot.AI: AI Co-Pilot for Special Needs Education Planning [Computer 
software]. GitHub. https://github.com/tedai-hackathon/IEPCoPilot.AI  
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○​ Two students with autism who were described by us using word-for-word 
identical prompts with the exception of gender were summarized by Magic 
School’s IEP generator in distinct ways that seemed to incorporate gender 
stereotypes. Specifically, the male student was asked to “demonstrate[] strengths 
in specific interest areas, particularly in subjects related to technology and 
science,” while the female student was not directed toward science and 
technology subjects. Our input listed no specific subject-matter interests for either 
student. 

○​ In a section of Playground IEP’s service summarizing goals for learning in social 
science, a prompt for a female student prioritized “an understanding of the roles 
and contributions of women in history;” a prompt for a non-binary student elicited 
“an understanding of diverse perspectives and contributions in history, focusing 
on underrepresented groups, including non-binary and LGBTQ+ individuals;” 
while a prompt for a male or no-gender-specified student gave no 
gender-targeted goals. 

 
●​ The services produced substantively inconsistent suggestions when reprompted with 

identical information. LLMs are usually configured to produce text stochastically, 
meaning they inject randomness in order to generate more engaging results. In the IEP 
context, this means that identical students with identical prompts might receive 
substantively inconsistent plans. In all of our testing, we were never able to reproduce 
the output to a given identical input, despite repeating many inputs numerous times. 

○​ For example, in response to a prompt about a 10-year-old Jewish student with 
ADHD, Playground IEP’s CoPilot service discussed religious accommodations in 
three different ways: 

■​ IEP output 1: “Religion-Based Needs: [STUDENT] will have access to a 
quiet space for prayer or reflection as needed and will be allowed to 
observe religious holidays without academic penalty.” 

■​ IEP output 3: “Religion-Based Needs: Throughout the year, [STUDENT] 
will have access to religious accommodations, such as time for prayer or 
observance of religious holidays, ensuring these needs are met without 
impacting academic responsibilities.” 

■​ IEP output 4: [No separate section for Religion-Based Needs, but 
including the following instruction:] “[STUDENT] will enhance social skills 
and emotional regulation by participating in group activities and 
discussion . . . . Activities include . . . Attending a monthly cultural and 
religious discussion group to connect with peers and explore Jewish 
traditions.” 

 
●​ The services fill in details in potentially problematic ways. Some of the outputs we 

encountered provided unrequested asides or details that might be confusing or 
problematic in an IEP: 

○​ Magic School’s IEP generated outputs that added problematic student 
characteristics to outputs. For instance, when prompted with male and female 
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students with autism, it presumed social communication issues, sensory 
problems, and transition challenges, plugging them into the plans.   

○​ Playground IEP’s CoPilot would generate outputs even when crucial inputs were 
missing, saying for example, “I’ll need to fill in the missing information. Let’s 
assume the grade level is 5th grade, the topic is ‘Self Regulation,” and the goal 
standard is aligned with CASEL’s SEL competences.” 

○​ Playground IEP’s behavior intervention plan (BIP) generator was prompted for a 
plan relating to an unnamed 16-year-old black student with chronic illness. The 
BIP generator inexplicably produced, “For the purpose of this plan, let’s refer to 
the student as Jordan.” 

○​ Playground IEP’s BIP generator, for another student, said “The following plan is 
designed to address the specific needs of a hypothetical 11-year-old Asian 
student.” 

 
●​ These services replicate problems with human-generated IEPs. Not only do these AI 

services engage in biases and mistakes that humans would not be likely to commit, they 
also replicate problems that have been identified in the literature in the way humans 
complete IEPs.  

○​ For example, the vast majority of IEPs generated by both services set a key 
benchmark called a “success metric” at a uniform 80%, meaning the student 
must demonstrate the skill correctly 80% of the time to be considered successful. 
Human-written IEPs have also been criticized for over-relying on the 80% figure, 
because the default undermines the core principle of individualization that should 
drive IEP development, potentially setting unrealistic expectations for some 
students while failing to appropriately challenge others. 

○​ Our findings also suggest one way that AI IEP generators replicate the social 
stigma humans have regarding mental health issues versus other forms of 
disability. For example, both AI IEP generators tend to use language focused on 
deficits (“experiences heightened stress”) more often than strengths 
(“demonstrates understanding when supported”) when talking about mental 
health conditions in a higher ratio than when talking about physical or complex 
neurological conditions. 

 
Takeaways 
 
LLMs do not fit the important social function of providing tailored care to students with special 
needs in schools. IEP generators do not produce individualized plans based on understanding a 
child’s unique situation, nor do they provide reliably consistent outputs. Randomly producing 
different recommendations for identical student profiles is not “individualized.” The notion of 
using an automated tool to churn out an IEP based on limited prompts in seconds seems flatly 
inconsistent with the very idea of an IEP, and possibly with legal requirements as well.  
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But if schools (and their lawyers) ignore the fundamental concerns about using LLMs in this 
context, our results suggest that these tools will be prone to many errors, some of which may 
expose schools to liability for violating civil rights laws. 
 
Although we are encouraged that both products seem to have implemented some guardrails, 
Playground our results suggest that there is much more work that needs to be done to protect 
against biased, offensive, or confusing outputs. 
 
Recommendations 
 
We end with a few recommendations: 
 

1.​ Schools should engage in significant due diligence with their counsel before agreeing to 
use any LLM-based technology in the production of LLMs. Our full report includes 
example prompts that will help administrators consider the appropriateness of these 
tools in their schools. 

2.​ Developers and deployers of IEP-generation services should consult lawyers well-versed 
in state and federal civil rights laws to understand the many requirements that may befall 
schools using these services. In Colorado specifically, these services may not meet the 
risk assessment, documentation, and disclosure requirements of the AI Act, which takes 
effect in February 2026. 

3.​ Any system that assists schools in producing IEPs should enforceably require the heavy 
participation of a human in the loop, one who is credentialed and trained in producing 
IEPs. For example, IEP generators might be intentionally fine-tuned to produce bulleted 
outlines rather than prose, forcing a human expert to consider and elaborate each 
suggestion. 
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