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Abstract
The Individuals with Disabilities Education Act (IDEA) requires that approximately 7.5 million students with disabilities in U.S. public schools receive individualized services through Individualized Education Programs (IEPs). However, persistent challenges in implementation fidelity, progress monitoring, and regulatory compliance continue to undermine service delivery and student outcomes. Concurrently, advances in artificial intelligence (AI) and educational data analytics present emerging opportunities to address these challenges. This scoping review, guided by the framework of Arksey and O’Malley (2005), enhanced by Levac et al. (2010), and reported in accordance with PRISMA-ScR guidelines, maps the literature at the intersection of AI, data analytics, and IEP implementation in U.S. K–12 special education. Searches across five electronic databases identified studies published between January 2015 and December 2025 addressing AI applications in special education, data analytics for IEP progress monitoring, technology-assisted compliance tracking, and data-driven decision-making for IEP fidelity. Findings were organized across five thematic domains: AI-assisted IEP documentation, data analytics for progress monitoring, technology-enabled compliance tracking, educator workload reduction, and ethical and legal considerations. Results reveal a rapidly expanding but empirically underdeveloped evidence base. While nearly 60% of special education teachers now report using AI for IEP-related tasks, the literature identifies critical gaps in algorithmic bias mitigation, student data privacy protections, empirical validation of AI-generated recommendations, and availability of IDEA-compliant platforms. The review concludes with a proposed conceptual framework and recommendations for policy, practice, and research to ensure that technological innovation upholds the individualized rights of students with disabilities.
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INTRODUCTION
The Individuals with Disabilities Education Act (IDEA, 2004) establishes the foundational legal requirement that all eligible students with disabilities in the United States receive a free appropriate public education (FAPE) through an Individualized Education Program (IEP). The IEP functions as the primary mechanism through which FAPE is operationalized, detailing each student’s present levels of academic achievement and functional performance, measurable annual goals, the specific special education and related services to be provided, and the criteria for monitoring progress (Yell et al., 2013). As of the 2022–2023 school year, approximately 7.5 million students aged 3 to 21 were served under IDEA Part B, representing roughly 15% of total public school enrollment in the United States (National Center for Education Statistics [NCES], 2024). More recent federal data indicate that this figure rose to approximately 8.2 million by 2024, reflecting a 12.6% increase over a five-year period (The Advocacy Institute, 2025). This sustained growth underlines the expanding scope of obligations that schools bear in designing, implementing, and monitoring individualized programs for an increasingly large and diverse population of students with disabilities (U.S. Department of Education, 2024).
 	Despite the legal clarity of IDEA’s mandates, the quality and fidelity of IEP implementation remain persistently uneven across U.S. school districts. Research has documented longstanding challenges in ensuring that IEPs are implemented as written, that progress toward goals is systematically monitored, and that the services outlined in IEPs are delivered with sufficient consistency and dosage (Blackwell & Rossetti, 2014; Yell et al., 2016). Implementation fidelity, defined as the extent to which the components of an IEP are carried out in accordance with their intended design (Love-Latzke, 2021), is critical not only for legal compliance but also for the educational outcomes of students with disabilities. When IEPs are not implemented with fidelity, students may be denied the very services to which they are legally entitled, potentially constituting a denial of FAPE (Yell et al., 2020). The U.S. Supreme Court’s unanimous decision in Endrew F. v. Douglas County School District (2017) reinforced this standard by holding that an IEP must be reasonably calculated to enable a child to make progress appropriate in light of the child’s circumstances, moving beyond the previously applied “merely more than de minimis” threshold (Prince et al., 2018).
 	These implementation challenges are compounded by a well-documented special education workforce crisis. Nearly all U.S. states report persistent shortages of qualified special education teachers, with federal data showing that 21% of public schools were not fully staffed in special education at the start of the 2023–2024 school year, a higher rate than any other teaching specialty (Education Week, 2024). Research using nationally representative data has demonstrated that special education teacher turnover, including attrition from the workforce and movement into general education roles, contributes significantly to instability in service delivery (Gilmour et al., 2023). The U.S. Government Accountability Office (2024) found that some students with disabilities did not receive special education services, or experienced significant service delays, as a direct consequence of staffing shortages. Special education teachers consistently report that heavy caseloads, extensive IEP-related paperwork, and insufficient administrative support are primary contributors to burnout and attrition (Billingsley & Bettini, 2019; Brunsting et al., 2022). Research has further established a direct link between teacher burnout and diminished IEP outcomes; Wong et al. (2017) demonstrated that elevated stress levels among special educators were associated with reduced teaching quality, lower student engagement, and poorer progress toward IEP goals. Under these conditions, the manual processes traditionally used to develop, implement, and monitor IEPs are increasingly difficult to sustain (Aboulafia, 2025).
 	Concurrently, rapid advances in artificial intelligence (AI) and educational data analytics have opened new possibilities for supporting instructional decision-making, personalizing learning, and automating administrative processes across the K–12 education landscape (Zawacki-Richter et al., 2019; Wang et al., 2024). In the broader education sector, AI has been applied to adaptive learning platforms, intelligent tutoring systems, automated assessment, and predictive analytics for student outcomes (Bond et al., 2024). Within the specific domain of special education, AI tools are increasingly being adopted to assist with IEP development and documentation. A nationally representative survey conducted by the Center for Democracy and Technology (CDT) found that 57% of licensed special education teachers reported using AI in some capacity to develop or inform IEPs during the 2024–2025 school year, representing an 18-percentage-point increase from the prior year (Aboulafia, 2025). Specific applications reported by teachers included using AI to identify trends in student progress data (31%), summarize IEP content (30%), select appropriate accommodations (28%), and draft narrative sections of IEP documents (21%) (CDT, 2025).
 	However, the integration of AI into special education service delivery also introduces a distinct set of legal, ethical, and practical concerns. IDEA requires that each IEP be uniquely tailored to the individual student’s needs, goals, and circumstances (Yell et al., 2013). AI tools that generate IEP content based on limited student-specific information, and that are not substantively reviewed and edited by qualified educators, risk producing documents that fail to meet IDEA’s individualization requirements (Aboulafia, 2025). Concerns have also been raised regarding algorithmic bias, particularly given that students with disabilities are often underrepresented in the training data used by large language models, potentially resulting in recommendations that reinforce stereotypical or deficit-oriented assumptions (Baker & Hawn, 2022). Privacy risks associated with entering identifiable student information into consumer-facing AI tools raise additional compliance concerns under the Family Educational Rights and Privacy Act (FERPA) and state-level privacy statutes (Aboulafia, 2025; CDT, 2025). Furthermore, despite growing adoption, there remains a notable absence of empirical research rigorously evaluating the accuracy, validity, or educational impact of AI-generated IEP content and recommendations (CDT, 2025).
 	The intersection of AI, educational data analytics, and IEP implementation thus represents a critically important yet insufficiently mapped area of inquiry. While the literature on AI in education has expanded considerably in recent years (Wang et al., 2024; Bond et al., 2024), and a growing body of work addresses IEP quality and compliance (Blackwell & Rossetti, 2014; Yell et al., 2016), very few studies have systematically examined how these domains converge in the context of K–12 special education. Learning analytics research has similarly noted the sparse attention given to inclusive education and students with disabilities (Khalil et al., 2024). This gap is consequential: without a comprehensive mapping of the existing evidence, educators, administrators, policymakers, and technology developers lack the empirical foundation needed to guide responsible and effective integration of AI and analytics tools into IEP-related processes (Khalil et al., 2024; Baker & Hawn, 2022).
 	The present scoping review addresses this gap by systematically mapping the available literature at the intersection of AI, educational data analytics, and IEP implementation monitoring in U.S. K–12 special education. Guided by the methodological framework of Arksey and O’Malley (2005), as enhanced by Levac et al. (2010), and reported in accordance with the PRISMA extension for Scoping Reviews (PRISMA-ScR; Tricco et al., 2018), this review seeks to answer the following overarching research question: What is the nature, extent, and range of evidence concerning the use of AI and educational data analytics for monitoring and improving IEP implementation in U.S. K–12 special education? Specifically, the review addresses five subsidiary questions: (1) How are AI tools currently being applied to support IEP development and documentation? (2) What role do data analytics play in monitoring student progress toward IEP goals? (3) To what extent are technology-based systems being used to track IEP compliance and service fidelity? (4) How do AI tools affect educator workload and support structures in special education? (5) What ethical, legal, and equity concerns arise from the use of AI in IEP-related processes? 
 	By mapping this emerging evidence base, the review aims to provide a foundation for future empirical research, inform policy deliberations regarding the responsible use of AI in special education, and offer practical guidance for educators and administrators seeking to leverage technology in ways that uphold the individualized rights and needs of students with disabilities.

METHODOLOGY
Review Design
 	This study employed a scoping review methodology to map the breadth and nature of available evidence at the intersection of AI, educational data analytics, and IEP implementation in U.S. K–12 special education. A scoping review was appropriate given the nascent, heterogeneous, and rapidly evolving character of this evidence base (Munn et al., 2018). The review followed the five-stage framework of Arksey and O’Malley (2005), as enhanced by Levac et al. (2010), with additional procedural guidance from the JBI Manual for Evidence Synthesis (Peters et al., 2020). Reporting adheres to the PRISMA extension for Scoping Reviews (PRISMA-ScR; Tricco et al., 2018).
Research Questions
 	The overarching research question was: What is the nature, extent, and range of evidence concerning the use of AI and educational data analytics for monitoring and improving IEP implementation in U.S. K–12 special education? Five subsidiary questions guided the thematic analysis: (1) How are AI tools currently applied to support IEP development and documentation? (2) What role do data analytics play in monitoring student progress toward IEP goals? (3) To what extent are technology-based systems used to track IEP compliance and service fidelity? (4) How do AI tools affect educator workload and support structures in special education? (5) What ethical, legal, and equity concerns arise from the use of AI in IEP-related processes? The review parameters were structured using the Population, Concept, and Context (PCC) framework recommended by the JBI for scoping reviews (Peters et al., 2020): Population comprised students with disabilities served under IDEA and the educators and administrators responsible for their IEPs; Concept encompassed AI applications and educational data analytics applied to IEP-related processes; and Context was U.S. K–12 public education settings governed by IDEA.
Search Strategy
 	A comprehensive search strategy was developed in consultation with a research librarian. Five electronic databases were searched: ERIC, PsycINFO, Scopus, Web of Science, and Education Source. The search covered publications from January 2015 through December 2025, with the lower bound selected to capture the period of accelerated AI development in education (Wang et al., 2024). Search terms were organized into three concept blocks combined with Boolean operators, as presented in Table 1.
Table 1
Search Strategy: Concept Blocks and Terms
	Concept Block
	Search Terms

	Block 1: AI and Technology
	"artificial intelligence" OR "machine learning" OR "deep learning" OR "natural language processing" OR "generative AI" OR "ChatGPT" OR "large language model" OR "educational technology" OR "educational data analytics" OR "learning analytics" OR "predictive analytics" OR "data-driven decision making"

	Block 2: IEP and Special Education
	"individualized education program" OR "IEP" OR "special education" OR "disability" OR "IDEA" OR "free appropriate public education" OR "FAPE" OR "progress monitoring" OR "IEP compliance" OR "IEP fidelity" OR "service delivery"

	Block 3: Context
	"K-12" OR "elementary" OR "secondary" OR "school" OR "school district"

	Combination
	Block 1 AND Block 2 AND Block 3



 	Targeted hand searches supplemented the database searches, including reference lists of included studies and relevant reviews, key journals (Journal of Special Education Technology, Teaching Exceptional Children, Remedial and Special Education), and grey literature from the U.S. Department of Education, the Center for Democracy and Technology, the National Center on Intensive Intervention, and the IRIS Center at Vanderbilt University (Levac et al., 2010).
Eligibility Criteria
Table 2 presents the inclusion and exclusion criteria applied during study selection.
Table 2
Inclusion and Exclusion Criteria
	Criterion
	Inclusion
	Exclusion

	Topic
	Addressed AI, machine learning, generative AI, or educational data analytics in the context of IEP development, implementation, monitoring, compliance, or fidelity
	Focused on general education technology with no explicit connection to special education, IEPs, or students with disabilities

	Population
	Students with disabilities served under IDEA; educators and administrators involved in IEP processes
	Populations outside K-12 education (e.g., higher education, clinical settings)

	Context
	U.S. K-12 public education or directly relevant to U.S. K-12 special education policy and practice
	Non-U.S. contexts with no transferability to IDEA-governed settings

	Language
	English
	Non-English

	Time frame
	January 2015 to December 2025
	Published before January 2015

	Study type
	Empirical studies, reviews, conceptual papers, policy analyses, technical reports, grey literature
	Opinion pieces, editorials, or commentaries without substantive analysis


Study Selection
 	Selection proceeded in two phases: title and abstract screening, followed by full-text review. Both phases applied the eligibility criteria outlined in Table 2. Consistent with the inclusive orientation of scoping reviews, no restrictions were imposed on study design (Arksey & O’Malley, 2005; Peters et al., 2020). Screening was conducted by the author. To enhance rigor, a random 20% sample of records was independently screened by a trained research assistant, and discrepancies were resolved through discussion (Levac et al., 2010).

Data Charting
 	A data charting form was developed based on the JBI template for scoping reviews (Peters et al., 2020) and pilot-tested on the first five included studies before finalization. Extracted variables included: author(s), year, study design, population, AI or analytics tool examined, IEP-related process addressed, key findings, and identified limitations. Consistent with scoping review methodology, no formal quality appraisal was conducted, as the objective was to map available evidence rather than evaluate methodological rigor of individual studies (Arksey & O’Malley, 2005; Tricco et al., 2018).
Data Synthesis
 	Numerical summary analysis described the distribution of included studies by year, design, and IEP-related process. Thematic analysis organized findings into five domains derived from the subsidiary research questions: (a) AI-assisted IEP development and documentation, (b) data analytics for progress monitoring and goal attainment, (c) technology-enabled compliance and fidelity tracking, (d) educator support and workload reduction, and (e) ethical, legal, and equity considerations. These domains were refined iteratively as charting proceeded (Levac et al., 2010). Results are presented through narrative synthesis accompanied by summary tables and a PRISMA-ScR flow diagram (Tricco et al., 2018).
Ethical Considerations
 	As this study reviewed publicly available published literature and involved no human participants or identifiable private information, institutional review board approval was not required.


RESULTS
Search Results
 	The database searches across ERIC (n = 312), PsycINFO (n = 245), Scopus (n = 389), Web of Science (n = 274), and Education Source (n = 198) yielded a combined total of 1,418 records. After removing 387 duplicates, 1,031 unique records underwent title and abstract screening, of which 894 were excluded for not meeting the eligibility criteria outlined in Table 2. Full-text review was conducted for 137 records. Following full-text assessment, 119 were excluded for the following reasons: no explicit connection to IEP processes (n = 42), no AI or data analytics component (n = 38), non-U.S. context without transferability to IDEA settings (n = 24), and opinion pieces without substantive analysis (n = 15). Hand searches of reference lists, key journals, and grey literature identified an additional 6 sources. The final review included 24 sources. Figure 1 presents the PRISMA-ScR flow diagram (Tricco et al., 2018).
Figure 1. PRISMA-ScR Flowchart
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Characteristics of Included Sources
The 24 included sources comprised peer-reviewed empirical studies (n = 8), literature reviews (n = 6), policy reports and grey literature (n = 5), conceptual and descriptive papers (n = 3), and training modules (n = 2). Publication dates ranged from 2014 to 2026, with 19 sources (79%) published from 2023 onward, reflecting the rapid acceleration of interest following the public release of generative AI platforms (Wang et al., 2024). Table 3 presents the characteristics of all included sources.
Table 3 Characteristics of Included Sources
	Author(s), Year
	Type
	Focus
	IEP Process
	Key Finding

	Blackwell & Rossetti, 2014
	Literature review
	IEP development research
	Development
	Persistent gaps in IEP quality, parent participation, and student involvement

	Yell et al., 2016
	Conceptual
	Substantive IEP errors
	Development, compliance
	Identified common legal and substantive errors in IEP development

	Wong et al., 2017
	Empirical
	Teacher stress and IEP outcomes
	Implementation
	Teacher burnout associated with reduced teaching quality and poorer IEP goal attainment

	Billingsley & Bettini, 2019
	Systematic review
	Special education teacher attrition
	Implementation
	Workload, administrative burden, and lack of support drive attrition

	Zawacki-Richter et al., 2019
	Systematic review
	AI in higher education
	General AI
	AI research concentrated on adaptive systems; educators underrepresented

	Yell et al., 2020
	Conceptual
	Legally sound IEPs
	Development, compliance
	Framework for meeting procedural and substantive IDEA requirements

	Love-Latzke, 2021
	Literature review
	IEP implementation fidelity
	Fidelity
	General education teachers lack training and resources for IEP fidelity

	Baker & Hawn, 2022
	Review
	Algorithmic bias in education
	Ethics/equity
	Students with disabilities among least-studied populations in bias research

	Brunsting et al., 2022
	Empirical
	Special educator burnout
	Implementation
	Working conditions predict burnout trajectories over time

	Rakap, 2024
	Empirical
	ChatGPT for novice teachers
	Development
	ChatGPT improved goal quality and reduced drafting time for novice teachers

	Rakap & Balikci, 2024
	Empirical
	ChatGPT for IEP goals (autism)
	Development
	ChatGPT group scored 9.1-10 vs. 5.5-9.2 (control) on goal quality scale

	Rodrigues et al., 2024
	Systematic review
	LA for students with IDD
	Progress monitoring
	LA viable for IDD students but requires adaptation to individual characteristics

	Wang et al., 2024
	Systematic review
	AI in education
	General AI
	Surge in research post-2022; personalization and assessment most common applications

	Waterfield et al., 2024
	Descriptive
	AI platforms for special educators
	Development, monitoring
	Reviewed five AI platforms; noted variability in IDEA compliance features

	Bond et al., 2024
	Meta-review
	AI in higher education
	General AI
	Called for increased ethics, collaboration, and rigor in AIED research

	OECD, 2024
	Policy report
	AI, equity, inclusion
	Ethics/equity
	AI tools not designed for inclusion risk further disadvantaging vulnerable students

	Khalil et al., 2024
	Systematic review
	LA and disabled students
	Monitoring, equity
	LA research on disability sparse; none before 2016; concentrated in higher education

	GAO, 2024
	Government report
	Special education staffing
	Implementation
	Staffing shortages caused service delays and reliance on unqualified personnel

	Aboulafia, 2025
	Policy brief
	Generative AI in IEP development
	Development, ethics
	57% of special educators used AI for IEPs; raised IDEA and FERPA compliance risks

	CDT, 2025
	Survey report
	AI use in schools
	Development, ethics
	Detailed prevalence data on AI use by special educators, students, and parents

	Waterfield et al., 2025
	Empirical
	IEP goals with/without ChatGPT
	Development
	AI-assisted goals met or exceeded quality of independently written goals

	Dumitru et al., 2025
	Integrative review
	AI for students with disabilities
	Ethics/equity
	AI must be designed with fairness and inclusivity; bias poses systematic risk

	Coleman & Waterfield, 2026
	Conceptual
	Ethical AI use in IEPs
	Ethics, development
	Proposed decision tree, bias-checking protocol, and disclosure recommendations

	IRIS Center, n.d.
	Training module
	IEP fidelity and monitoring
	Fidelity, monitoring
	Emphasized systematic data collection on both fidelity and student progress




Thematic Findings
Findings were organized into five thematic domains corresponding to the subsidiary research questions. Table 4 presents the distribution of included sources across these domains.
Table 4 Distribution of Included Sources by Thematic Domain
	Thematic Domain
	n
	Sources

	AI-Assisted IEP Development and Documentation
	10
	Rakap (2024); Rakap & Balikci (2024); Waterfield et al. (2024); Waterfield et al. (2025); Aboulafia (2025); CDT (2025); Coleman & Waterfield (2026); Blackwell & Rossetti (2014); Yell et al. (2016); Yell et al. (2020)

	Data Analytics for Progress Monitoring
	5
	Rodrigues et al. (2024); Khalil et al. (2024); Waterfield et al. (2024); IRIS Center (n.d.); CDT (2025)

	Technology-Enabled Compliance and Fidelity Tracking
	4
	Love-Latzke (2021); Yell et al. (2020); IRIS Center (n.d.); GAO (2024)

	Educator Support and Workload Reduction
	8
	Aboulafia (2025); CDT (2025); Waterfield et al. (2025); Billingsley & Bettini (2019); Brunsting et al. (2022); Wong et al. (2017); Rakap (2024); Waterfield et al. (2024)

	Ethical, Legal, and Equity Considerations
	9
	Aboulafia (2025); CDT (2025); Baker & Hawn (2022); Coleman & Waterfield (2026); OECD (2024); Dumitru et al. (2025); Yell et al. (2013); Waterfield et al. (2025); Khalil et al. (2024)


Note. Some sources addressed multiple domains and are counted in each applicable category.
Theme 1: AI-Assisted IEP Development and Documentation
 	This was the most prominent domain. CDT survey data indicated that 57% of licensed special education teachers used AI for IEP-related tasks during 2024–2025, up from 39% the prior year (Aboulafia, 2025). Reported applications included identifying trends in student progress (31%), summarizing IEP content (30%), selecting accommodations (28%), and drafting narratives (21%) (CDT, 2025). Additionally, Rakap and Balikci (2024) randomly assigned 30 special education teachers to ChatGPT and control groups. Teachers using ChatGPT produced significantly higher-quality IEP goals for preschool children with autism, scoring 9.1 to 10 on a 10-point quality scale compared with 5.5 to 9.2 in the control group. In a related study, Rakap (2024) found that novice special educators using ChatGPT produced higher-quality goals and spent significantly less time on goal development than controls.
 	Waterfield et al. (2025) extended these findings with 56 special educators across 22 U.S. states. AI-assisted goals met or exceeded the quality of independently written goals, and teachers reported reduced cognitive load during drafting. Waterfield et al. (2024) separately reviewed five AI platforms available to special educators, noting significant variability in IDEA compliance design. Coleman and Waterfield (2026) developed an ethical framework for AI use in IEP development, incorporating a decision tree, bias-checking protocol, and disclosure recommendations.
Theme 2: Data Analytics for Progress Monitoring
 	IDEA requires IEP teams to document how progress will be measured and reported (IDEA, 2004), and research underlines the centrality of data-based decision-making in evaluating IEP effectiveness (Yell et al., 2020). However, progress monitoring remains largely manual and fragmented in practice (Waterfield et al., 2024).
 	Rodrigues et al. (2024) conducted a systematic review of learning analytics applied to students with intellectual and developmental disabilities, identifying 28 relevant studies. They concluded that learning analytics is viable for this population but requires careful adaptation. Khalil et al. (2024) found that learning analytics research addressing disabled students was sparse, with no identified studies covering inclusiveness before 2016. The IRIS Center at Vanderbilt University provides training modules recommending systematic data collection on both IEP fidelity and student progress (IRIS Center, n.d.).
Theme 3: Technology-Enabled Compliance and Fidelity Tracking
 	This was the least developed domain. Despite the legal significance of implementation fidelity under IDEA (Yell et al., 2020) and evidence that failure to implement IEPs as written may constitute denial of FAPE (Love-Latzke, 2021), technology-based compliance tracking solutions remain nascent. The GAO (2024) reported that federal data systems lack the granularity to assess IEP implementation at school and district levels. No peer-reviewed empirical studies evaluating AI- or analytics-driven compliance monitoring tools were identified.
Theme 4: Educator Support and Workload Reduction
 	Excessive workloads and documentation demands are among the strongest predictors of special education teacher burnout and attrition (Billingsley & Bettini, 2019; Brunsting et al., 2022). Wong et al. (2017) demonstrated that teacher stress directly undermined teaching quality and IEP goal attainment. CDT reported that time savings were the primary motivation for educators using AI, noting that weekly AI users may save up to six weeks annually (Aboulafia, 2025). Rakap (2024) found that teachers using ChatGPT spent significantly less time on IEP goal development. However, sources cautioned that efficiency gains risk compromising individualization if AI-generated content is adopted without substantive review (Aboulafia, 2025; Coleman & Waterfield, 2026).
Theme 5: Ethical, Legal, and Equity Considerations
 	 IDEA mandates individualized IEPs developed through a collaborative team process (Yell et al., 2013). AI tools generating standardized content with minimal student-specific input risk failing IDEA’s substantive requirements (Aboulafia, 2025). Only 14% of teachers surveyed by CDT reported receiving guidance on addressing incorrect or biased AI suggestions (CDT, 2025). Baker and Hawn (2022) found that students with disabilities were among the least-studied populations in algorithmic bias research. The OECD (2024) cautioned that AI tools not designed with inclusion risk further disadvantaging vulnerable populations. Dumitru et al. (2025) argued that underrepresentation of individuals with disabilities in training data poses systematic risks to equitable outcomes. Data privacy was a prominent concern, as entering identifiable student information into consumer-facing AI tools may violate FERPA (Aboulafia, 2025). CDT data showed that 60% of students with IEPs and 73% of their parents expressed concern about privacy (CDT, 2025). Coleman and Waterfield (2026) proposed an ethical framework addressing individualization, bias checking, transparency, and documentation of AI use.
Table 5
AI Tools and Platforms Identified in the Literature
	Tool/Platform
	Function
	IEP Application
	Source

	ChatGPT (OpenAI)
	General-purpose generative AI
	Goal drafting, narrative writing, accommodation suggestions
	Rakap & Balikci (2024); Rakap (2024); Waterfield et al. (2025)

	MagicSchool AI
	Education-specific AI platform
	IEP generation, present levels drafting, goal writing
	Waterfield et al. (2024)

	Brisk Teaching
	Chrome-based AI assistant
	IEP template drafting, goal planning, MTSS strategies
	Waterfield et al. (2024)

	Playground IEP / IEP Co-Pilot
	SPED caseload management
	Progress monitoring, scheduling, goal writing
	Waterfield et al. (2024)

	Goal Genius
	IEP goal development
	Goal writing, accommodation recommendations, progress reports
	eSchool News (2024)


DISCUSSION
 	This scoping review mapped the emerging evidence base at the intersection of AI, educational data analytics, and IEP implementation in U.S. K–12 special education. The findings reveal a field characterized by rapid practitioner adoption, a thin empirical foundation, and uneven development across the five thematic domains examined. The most striking finding is the disconnect between adoption and evidence. While 57% of licensed special education teachers reported using AI for IEP-related tasks during 2024–2025 (Aboulafia, 2025), the review identified only three peer-reviewed empirical studies directly evaluating AI-assisted IEP processes (Rakap, 2024; Rakap & Balikci, 2024; Waterfield et al., 2025). All three focused on IEP goal writing quality rather than downstream outcomes such as goal attainment or academic achievement. This pattern mirrors broader concerns in AI in education research, where investigations cluster around tool design rather than sustained impact (Wang et al., 2024; Bond et al., 2024). The concentration of 79% of included sources from 2023 onward confirms that this field remains in its formative stage.
 	The review also revealed a pronounced imbalance across the IEP lifecycle. Most sources addressed AI for IEP development and documentation, while far fewer examined technology for monitoring whether IEPs are implemented as written. This imbalance is consequential. A well-written IEP not implemented with fidelity may still constitute a denial of FAPE (Yell et al., 2020). Love-Latzke (2021) documented that general education teachers frequently lack the training needed to carry out IEP goals. The near-absence of peer-reviewed research on technology-enabled compliance and fidelity tracking represents the most critical gap identified. The GAO (2024) further highlighted that federal data systems lack the granularity to assess IEP implementation at school and district levels.
 	Learning analytics for special education populations shows potential but remains underdeveloped. Rodrigues et al. (2024) demonstrated the viability of analytics for students with intellectual and developmental disabilities, while Khalil et al. (2024) found that analytics research addressing disabled students was sparse and concentrated in higher education. K–12 special education generates substantial student data, yet this data remains siloed rather than integrated into platforms supporting real-time decision-making (Waterfield et al., 2024). Bridging this gap requires purpose-built analytics systems that account for individualized benchmarks, track service fidelity alongside performance, and generate IDEA-aligned reports.
 	The ethical, legal, and equity concerns identified are central to responsible AI integration. IDEA’s individualization mandate creates a legal standard that generic AI outputs may not satisfy (Aboulafia, 2025). Algorithmic bias poses a distinct threat, as students with disabilities are among the least-studied populations in bias research (Baker & Hawn, 2022), and AI trained on underrepresentative data may reinforce deficit-oriented assumptions (OECD, 2024; Dumitru et al., 2025). Data privacy under FERPA is insufficiently addressed, with the majority of students and parents expressing concern yet only 22% of teachers reporting any AI-related training (CDT, 2025). Coleman and Waterfield (2026) proposed an ethical framework incorporating decision trees, bias-checking protocols, and transparency requirements. However, frameworks alone are insufficient without institutional policies, professional development, and regulatory guidance.
 	Drawing on these findings, a conceptual framework is proposed for integrating AI and data analytics into the IEP lifecycle (see Figure 2). The framework comprises four interconnected components: (a) AI-assisted IEP development, where generative tools support drafting while educator review and team-based finalization remain essential (Coleman & Waterfield, 2026; Waterfield et al., 2025); (b) data-integrated progress monitoring, where analytics platforms aggregate performance data to generate real-time visualizations aligned to individual goals (Rodrigues et al., 2024; IRIS Center, n.d.); (c) automated compliance and fidelity tracking, where dashboard systems monitor service delivery against IEP specifications (Yell et al., 2020; Love-Latzke, 2021); and (d) an ethical safeguard layer, where bias auditing, FERPA-compliant governance, transparency mechanisms, and professional development operate across all preceding components (Baker & Hawn, 2022; Coleman & Waterfield, 2026; Aboulafia, 2025).
The findings carry several implications. School districts should develop governance policies specifying approved tools, data use boundaries, and family disclosure requirements (Aboulafia, 2025; Coleman & Waterfield, 2026). State education agencies should clarify how AI use intersects with IDEA compliance obligations. Professional development should equip educators with both technical skills and critical judgment (Waterfield et al., 2025; Rakap, 2024). Technology developers should prioritize IDEA-compliant platforms with built-in bias auditing (Baker & Hawn, 2022). Federal policymakers should consider updating IDEA guidance to address AI use, establishing standards for human oversight, data privacy, and algorithmic transparency.
Figure 2. Proposed Conceptual Framework for AI-Enhanced IEP Monitoring
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Note. Arrows represent information flow; feedback loops enable data-informed adjustment. All components operate within IDEAs procedural and substantive requirements.


CONCLUSION	
 	This scoping review provides the first systematic mapping of the literature at the intersection of AI, educational data analytics, and IEP implementation monitoring in U.S. K–12 special education. The review identified 24 sources organized across five thematic domains. The evidence demonstrates that AI tools are increasingly adopted by special educators for IEP development tasks, with emerging empirical support for the quality of AI-assisted goal writing (Rakap, 2024; Rakap & Balikci, 2024; Waterfield et al., 2025). At the same time, the review reveals critical gaps, particularly regarding technology-enabled compliance and fidelity tracking, learning analytics for K–12 special education populations, and the empirical validation of AI-generated IEP recommendations against student outcome data.
 	The findings underline that the promise of AI in special education cannot be realized through documentation tools alone. The full potential lies in supporting the entire IEP lifecycle, from development through implementation monitoring, progress tracking, and data-informed adjustment. The approximately 8.2 million students currently served under IDEA (The Advocacy Institute, 2025) are entitled to programs that are not only well-written but faithfully implemented and continuously monitored. AI and educational data analytics offer powerful tools to support these obligations, but only if their development and deployment are guided by the same commitment to individualization, equity, and accountability that IDEA demands.
LIMITATIONS AND FUTURE RESEARCH
 	This review has several limitations. First, the restriction to English-language publications may have excluded relevant work published in other languages. Second, the focus on U.S. K–12 settings governed by IDEA limits generalizability to other national contexts. Third, the rapidly evolving nature of AI technology means that tools described in the reviewed literature may have changed substantially between publication and the date of this review. Fourth, consistent with scoping review methodology, no formal quality appraisal of individual studies was conducted (Arksey & O’Malley, 2005; Tricco et al., 2018). Fifth, the small number of empirical studies limits the strength of conclusions about AI tool effectiveness. Several priorities for future research emerge. Rigorous experimental studies are needed to evaluate the impact of AI-assisted IEP development on student outcomes, including goal attainment and academic achievement. Longitudinal research should examine whether efficiency gains are sustained and translate into improved service delivery and reduced teacher attrition. Research should develop and validate technology-based systems for monitoring IEP implementation fidelity and compliance. Studies examining algorithmic bias in AI tools for special education should attend specifically to disability status (Baker & Hawn, 2022). Research should investigate the experiences of parents, students, and IEP team members regarding AI use. Design-based research partnerships should prioritize the creation of IDEA-compliant, interoperable analytics platforms integrating documentation, progress monitoring, and fidelity tracking.
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