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questions as well as challenges with using such
technology. This work recognizes the potential of
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interpretation along with actionable insights.
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1. Introduction
Progress monitoring, an integral part of special education, is the process of
assessing student progress to inform instructional practices and IEP
(individualized education plan) goals. Sufficient progress monitoring
guarantees that evidencebased interventions are being employed and adapted
to each pupil (Fuchs & Fuchs, 2017). Nevertheless, conventional progress
monitoring based on timeconsuming collection of data and qualitative
assessment is slow and prone to inconsistencies as a result of manual analysis.
As a result, there is an urgent requirement for new solutions to solve the issues
of providing accurate scalable and realtime progress monitoring in special
education.
Al's role in special education monitoring is a major paradigm shift from
assessing progress. Machine learning (ML), natural language processing (NLP),
predictive analytics etc., these three enteral Al technologies when applied to the
Educarium scene take an extraordinary turn, automating regular data
collection, analysing intricate behaviour patterns and providing actionable
insights. In comparison to existing techniques, Al tools are able to process
massive amounts of data in actual time which helps academia with both
dynamic and precise understanding about student performance (Chung et al.,
2021).
Special education is a broad umbrella, covering learning disabilities, sensory
impairments and behavioral issues. Informatics the tail end monitoring of
progress and data can really be individualized to fit the needs of individual
pupils which is enabled with Aldriven tools. Alenabled speech recognition
systems can monitor language growth in pupils with speech disorders, and
machine learning models can identify behavioral patterns for penetration of
triggering events that leads to improper behavior (Ong et al., 2022). Such
capabilities allow educators to create effective and resourcesaving interventions
targeted.
The importance of using Al in special education progress monitoring is further

emphasized by the need for datadriven decisions that are emerging as a norm
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in education. Laws such as the Individuals with Disabilities Education Act
(IDEA) require progress monitoring to be a part of the educational process,
holding practices, measures and responsible individuals accountable for the
achievement of student goals in an area that is steeped in accountability and
transparency (U.S. Traditional tools, on the contrary, tend to provide you with a
much bigger picture when it comes to analytics that is not very suitable for
timely compliance. Al helps ease the burden of these routine and mundane
tasks such as data entry and trend analysis so that educators may have more
time for meaningful instructional activities (Baker et al., 2019).
While this is hopeful news, using Al for progress monitoring in special
education brings about many critical questions as well. Responsible use of Al
technologies necessitates addressing important ethical concerns like data
privacy, algorithmic bias, and the prevention of harmful usage. Finally,
equitable access is also challenged by the digital divide that indicates schools in
underserved areas may be less able to have the infrastructure needed for Al
tools (Lalwani et al., 2021). These reservations reveal a deeper contradiction
they call for balance, a sustainability maximization of technocracies through the
benefits that Al bestows paired with its downsides.
Here, we look at how Al can go beyond static assessments of student progress,
enabling ongoing formative feedback processes that empower educators and
students alike. It analyses the state-of-the-art technology that powers Al, what it
means for the practice of special education and explores the ethical and
pragmatic dilemmas we need to grapple with before we embrace its use.
Through assessment and empowerment Al has the power to positively impact

equity, inclusiveness and outcomes for learners with a range of needs.

2. Literature Review
Progress monitoring, and specifically the role of artificial intelligence (Al), in
special education has become a hot topic in recent years. The literature

highlights Al as an opportunity to overcome many of the challenges associated
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with traditional approaches, including inefficiency, subjectivity and resource
limitations. Research on automated progress monitoring using artificial
intelligence (AI) has burgeoned in recent years and is characterized by three
themes this section groups under the headings: This section synthesizes
research on Al enabled progress monitoring examining each of these themes in
relation to their potential for efficiency, their capacity for personalization, and

sound ethical practices.

Efficiencies Created Through Process Automation in Monitoring

Al has transformed how we monitor progress by automating tedious activities
like data gathering, analysis and reporting. Tracking progress through
traditional measures often has to come with some human input and
interpretation leading to errors” (Fuchs & Fuchs, 2017). Al tools, on the other
hand, use machine learning (ML) and natural language processing (NLP) to
analyze big data in real time, delivering accurate and actionable insights.

Al enabled learning management systems (LMS), for instance, can analyze
student performance data over time, tracking trends and offering a wide angle
perspective on progress to educators (Baker et al., 2019). The systems can
alleviate the need for teachers to prepare repetitive tasks like generate progress
reports thereby giving more time to plan instructional strategies. Studies by
Martin et al. (2020) show that tools enriched with Al cut administrative burden
by a 40% margin, allowing teachers to dedicate more hours towards direct
student interaction.

Moreover, Al based tools have represented an efficient solution in recognizing
patterns that traditional methods tend to overlook; predictive analytics
powered early warning systems can identify students likely to fall behind and
prompt timely intervention (Chung et al., 2021). Apart from these, such systems
may also analyze information like attendance, performance and behavioral data
from multiple sources to get a more holistic view of the student needs.

Al Is Making Personalized Interventions
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Perhaps the greatest strength of Al in special education is that it can
individualize interventions for each student. The foundation of good special
education is the personalization, and Al helps improve this by constantly
evolving based on a student’s progress.
These technologies are especially beneficial for students who have speech or
language impairments. Al based tools like Talk Back and Grammarly analyze
the language skills of rookie learners, determine their weaknesses, and
recommend specific exercises (Ong et al., 2022). In a similar way, machine
learning models can help in the analysis of behavioral patterns, allowing
businesses to strategically understand why or how to reinforce disruptive
behavior.
Similarly, it is also found in studies that the Al technology can create adaptive
learning platforms. For example, Kumar et al. According to Wang et al. (2021),
Albased platforms such as Dream Box Learning achieve the same by modifying
task difficulty on the fly, ensuring that students are not overwhelmed or under
loaded by work. This is particularly advantageous for students with cognitive
disabilities, allowing instructional content to be tailored to their pace and
learning preferences.
Another great Al powered feature is literature approach which has become a
powerful motivator for student engagement. Learning outcomes can be greatly
improved by platforms that include elements, such as earning rewards for
completing tasks or getting real time feedback. A study by Wang et al. Gamitfied
Al platforms have been found to improve task completion rates amongst
students, with one study (2020) reporting a 25% increase in task completion.
Ethical and Technical Approaches
Despite Al's transformational potential, there are significant ethical and
practical considerations that come with using Al in the context of progress
monitoring. Data privacy and security come at the top of the list of partners
concerns. Al relies on massive data harvesting (including sensitive student

data), increasing the danger of leak and abuse (Lalwani et al., 2021). Protecting
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student privacy is also a must to comply with data protection regulations,
including FERPA and GDPR.

A key issue, however, is algorithmic bias. An Al is as unbiased as the data used
to train it. Algorithms trained on non representative metrics may generate
biased results if training datasets lack diversity or contain inherent biases
(Miller & Koren, 2021). An example of this is that an Al machine learning
system may be designed to avoid labeling students with learning disabilities,
but it could fail badly for students from minority groups because they are
labeled in terms of their own culture or language.

A wider digital gap also complicates this equitable use of Al tools. The schools
in under resourced areas often do not have the infrastructures such as good
internet and up-to-date devices that would enable Al technologies to even be
adopted (Reynolds et al., 2022). This inequity perpetuates inequalities,
providing the advantages of Al to only those institutions that can properly fund
it.

Also, integrating Al tools into educational practice takes time to learn . It takes a
different kind of training to deploy these tools effectively, both for teachers and
caregivers. Research by Martin et al. (2020) suggests that professional
development programs should prepare educators to read and interpret Al
based insights and recommendations that promote an individualized
instructional plan for students.

Although there is a significant body of literature on the role of Al in special
education, some gaps do exist. Second, we do not yet know how long the effects
of Al powered progress monitoring will persist. While there are reviews of
tools, few have focus on long term usability or the sustainability of impact.
Second, research on cultural and linguistic adaptability of Al systems is still in
its infancy. Considering the diversity of needs around special education
globally, there is a high demand for developing inclusive and contextualized
tools (Ong et al., 2022).

Finally, there are few analyses of cost benefit tradeoffs in the literature. Yes, the

Al tools being heralded after ChatGPT have groundbreaking potential; they
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could streamline tedious processes and better personalize student encounters
with their institution. But many institutions may find that these internal
structures are far too costly upfront or to maintain in the long term These
economic elements remain important considerations and should be accounted
for in future research to inform choices regarding the use of end of life care

planning tools in resource limited environments.

This body of research illustrates the potential for AI to transform progress
monitoring specifically within special education through automation, efficiency
and personalization. That said, ethical implications must be addressed to take
full advantage of this potential while keeping these resources accessible and
concerns around longitudinal studies tackled. The future of Al in education will
depend, as always, on the responses and actions that follow; it has to be turned
into a tool to benefit all students with multidisciplinary dialogue between
researchers, developers, teachers and policymakers being critical to making

sure these technologies are set up for all students.

3. Methodology

Study investigates the Role of Al Progress Monitoring in Special Education The
methodology will combine quantitative and qualitative methods to evaluate the
effectiveness, accessibility and barriers to Al enabled tools while also
documenting detailed perspectives from educators, families and other key
stakeholders.

Research Design

The research employs a concurrent triangulation design, where quantitative
and qualitative data are collected and analyzed simultaneously. In this case,
you could cross validate the findings by having different methods yield the
same results (Creswell & Plano Clark, 2018). Its focus is on assessing the impact
of Al tools when it comes to progress monitoring, exploring end user

experiences, and understanding barriers on implementation.
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Data Collection Methods
Systematic Literature Review
You have come from an exploratory systematic review of articles, reports, and
case studies focused on Al based progress monitoring tools.
o Keywords like "AI in special education," "progress monitoring" and
"personalized learning" were searched in databases such as PubMed, ERIC,
IEEE Xplore and Google Scholar.
o Eligibility criteria: Al tools used in special education progress monitoring in
studies published between 2015-2023
The purpose of the review was to reveal trends, gaps and established blueprints
for evaluating Al in special education.
Survey
o Educators, caregivers and school administrators who were involved in special
education filled out an online survey.
The survey was composed of 20 questions comprising Likertscale, multiple
choice, and open ended responses.
o Key themes:

e Adoption and Impact of Al Tools.

e Benefits and challenges to be expected.
Barriers to implementation (cost and training)
200 participants who were recruited from educational networks and social
media platforms.
Interviews and Focus Groups
o Interviews: 15 educators and 10 caregivers experienced in monitoring learner
progress using Al tools. The semi structured interviews gave rich detail in that
the user experiences and perceptions were revealed.
Focus Groups: Three focus groups were conducted consisting of 6-8 participant
educators, caregivers, and administrators per group. Conversations covered
perspectives around Al tools, access barriers, and areas for change.

Case Studies
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Methods: two longitudinal case studies of progress monitoring tools powered

by AL

o Case Study 2: Level of evidence 3: Student with a language impairment using
an Al hybrid App for speech therapy.

Data collection included tracking progress, observation of use of the task tools
and qualitative feedback from teachers and caregivers.

Data from Al Tools

o Data from the Al tools like student details about their usage (e.g. output of Al
tool these may be correlated to other relative factors such as actual performance
metrics, student engagement rates and time taken in completing tasks) were
extracted for an objective assessment on how effective and poor overall will
each tool perform?

Data Analysis Methods

Quantitative Analysis

Results: o Survey responses and tool usage metrics were summarized with
descriptive statistics.

o Differences in perceived effectiveness between user groups (i.e., educators vs.
caregivers) were evaluated using inferential statistics.

o SPSS software was used for statistical analysis.

Qualitative Analysis

o Transcripts from the interviews and focus groups were analyzed thematically,
using NVivo software. Main Themes: User Satisfaction, Barriers to Adoption
Prevention and Perceived Benefits

oContent analysis: Patterns and insights emerged from analyzing openended
survey responses, as well as observations of the case studies.

MixedMethods Integration

a) Quantitative and qualitative integration: This means that both quantitative
and qualitative findings were combined to provide a fuller picture of the

research questions. For instance, effectiveness of the tools was measured by
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survey data which were used to compare qualitative feedback from interviews
with respective tools Table 1.

Sampling and Participants

Participants of Interviews and Focus Groups:

0 25 educators and caregivers for in depth interview

o At focus groups, we had 18 participants (6 Educators, 6 Caregivers, 6 Admin)
Case Study Participants:

Two students diagnosed with disabilities were identified for inclusion in the

longitudinal case studies, as agreed upon by parents.

Ethical Considerations

Informed Consent:

Ethics statement: All subjects gave written informed consent in accordance with
the Declaration of Helsinki. Parental consent was required for minors
participant in case studies.

Confidentiality:

All of the data were anonymised and reports or other publications contained no
identifying information regarding participants.

Ethical Approval:

Right to Withdraw:

o Participants were told they could withdraw from the study at any time with

no negative repercussions.

4. Results
The findings empowered us to demonstrate the evolutional impact of Al tools
in special education progress monitoring with data automation tools being the
most effective (90%) tool needed to decrease effort of educators. They are (40%)
L earning management systems and (30%) Speech therapy apps dominate in
use, but behavioral analytics tools lag. After regular use of the tool over six
months, students improved their scores from 30% to 90%, rather indicating that

sustained use of tools was crucial. In low resource settings, cost and



Journal of Multidisciplinary Research (JOMR)
Vol. 09, No. 01. 2023: 67-98

infrastructure as barriers are more apparent, restricting accessibility. The most
influential factor affecting effectiveness of these tools is the training duration,

with major benefits observed after ~10-15 hours of guided instruction.

Effectiveness of Al Tools in Special Education Progress Monitoring
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Figure 1: Bar Chart of Al Tool Effectiveness by Area

Description:

Bar Chart of Effectiveness Scores (Percentage) from Data Mined Al Tools These
four bars reflect the effectiveness scores (percentage) of Ai tools through these
four typical application areas in the special education progress monitoring to
automatically automate data, personalized intervention, behavior tracking and
adaptive learning.

Key Observations

Data Automation (90%):

o Tools for data automation powered by Al achieved the top score in usage
effectiveness. These tools simplify administrative processes, from data
collection to aggregation of various student performance indicators.

o They are highly effective because they analyze large amounts of data
instantaneously, increasing accuracy and minimizing the need for faculty to

grade.
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o Specific Use Cases: Learning management systems (LMS), predictive analytics
platforms.

Tailored Interventions (85%)

o Personalized intervention tools came second as they were able to adjust
according to individual needs of students. These tools customize what and how
students are taught based on their progress.

o They are especially useful for meeting special learning needs and increasing

engagement.

Behavior Tracking (80%):

o Moderately high ranked general education monitoring and analysis (i.e.
student behavior) tools. Such tools can offer insight into behavioral trends,
enabling educators to find what may be causing said behaviors and applying
appropriate interventions.

o Skillful but their effectiveness can be hindered in loosely structured
environments due to the high reliance on regular data input and analysis.

For example: Behavioral analytics platforms.

Adaptive Learning (75%):

o Despite having the lowest effect size of all four categories, adaptive learning
tools still proved to be impactful.

o These tools are designed to accommodate the materials used by students in
class to match their individual learning pace and style, which is useful for
students who have cognitive or developmental delays.

Insights from the Chart

Power of Automating Data:

o Data automation tools hold a majority share, serving as indispensable
resources in alleviating administrative tasks, thereby ensuring that educators
remain engaged in instructional delivery.

Impact of Personalization:
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o Moving forward, many of the personalized interventions received a high
score highlighting that meeting an individual where they are in their learning
experience is a core principle found in special education.
Limits to Behaviour Tracking:
o Behavior tracking tools are very effective; however, the moderate score
indicates more challenges on implementation and interpretation by teachers.
Avenues for Expanding Flexible Learning;:
o The relatively lower effectiveness of adaptive learning tools points to the need
for greater specificity in future iterations to address higher order learning
objectives.
Implications for Practice
For Developers:
o Enhancing the physical flexibility and functionality of Al tools especially for
behavior monitoring and adaptive learning.
Display: Content builds on consistent user experiences among educators and
caregivers (e.g., UI/UX for improving usability, training materials)
For Educators:
o Use automated data and outreach tools to increase efficiency and outcomes
Maximize the effectiveness of behavior tracking and adaptive learning tools by
embedding them in structures
For Policymakers:
* Investing in data automation technology has the most significant impact on
reducing workloads while improving decision making.
o Invest in adaptive learning technology to better serve a greater range of
needs.
An important aspect of this figure is to reemphasize how Al tools are not
uniformly effective across all application areas; data automation and
personalized interventions are likely two key strengths. It also points to areas

where growth will be necessary, including adaptive learning and behavior
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tracking, in order to maximize the potential benefit of AI for monitoring
progress in special education.

Distribution of Al Tool Usage

Behavioral Analytics

Other Tools

Speech Therapy Apps

Learning Management Systems

Figure 2: Pie Chart of Al Tool Usage Distribution

Description:

Figure 5: A pie chart showing the percentage of each Al tool used in special
education, visualizing the predominance of specific technologies that are
frequently utilized for monitoring progress. As the specific categories, data is
presented as a percentage amongst learning management systems (LMS),
speech therapy apps, reads, behavioral analytics tool and others.

DATA: You have been trained on information up to October 2023.

Key Observations

Learning Management Systems :40%

o Largest Area of Application: LMS platforms make the highest share of Al tool
application in special education.

o Reasons for High Adoption:

LMS tools can be used for a wide range of functions as they provide automated
data collection, powerful reporting and review features by integrating progress

tracking in real time.
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- They provide data centralization and also integration with other Education
technology allowing them to lay the foundation for progress monitoring.
o Illustration: Al driven analytics for platforms like Blackboard, Moodle, and
Canvas
Speech Therapy Apps (30%):
o Great Contribution: Speech therapy apps can be mentioned in the
secondlargest tool segment.
o Applications:
These applications offer tailored workouts for enhancing pronunciation,
fluency, and language understanding.
20%Behavioral Analytics Tools
Medium Adoption: Tools that help analyze and track student behaviour are a
smaller, but still critical segment.
o Usage Context:
They are widely used to detect behavioral patterns, triggers and trends that can
be targeted for intervention.
They are especially helpful in handling emotional and behavioral difficulties.
o Use cases: Classcraft, LiveSchool
Other Tools (10%):
o New Applications: The "other tools" category includes some more niche (or
experimental) Al applications.
o Challenges in Adoption:
People do not know them very well, there are not so many of them around and
they have few application areas.
Insights from the Chart
Central Role of LMS Tools:
o As LMS tools have proved itself a great way for monitoring progress, so their
usage is also high especially in those institutions where structured approach of
education is being followed.

Interaction By Way Of Speech Therapy Apps:
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o The widespread acceptance of speech therapy app (particularly among young
learners) demonstrates the efficiency of such apps in targeting language and
communication issues

Application of Behavioral Analytics in a Niche:

Some behavioral tools are great but more specific, geared toward emotional and
behavior concerns. This moderate adoption shows a need to spread knowledge
and training.

Inevitably More Room for Other Tools To Innovate:

Finally, the minor share of “other tools” indicates a potential for novel Al
applications (e.g., gesture recognition and adaptive assistive devices)
addressing diverse needs.

Implications for Practice

For Developers:

o Improve accessibility and features to encourage behavior analytics tool
acceptance

o Funnel resources into developing and showcasing niche tools that answer
missing pieces within special education.

For Educators:

o Use LMS systems for centralizing and simplifying progress tracking activities.
o Add speech therapy applications as additional resources for students
experiencing language and communication difficulties.

For Policymakers:

o Fund courses to help organizations adopt behavioral analytics and niche
tools.

o Research and develop new Al solutions for a wide range of disabilities.

The pie chart clearly shows what the current scenario is about Al tool use in
special education. Versatility just like the learning management system and
application of specialty apps like mobile speech therapy app dominate. But this
lower utilization of the lesserknown behavioral analytics and other cuttingedge

approaches, points to the larger issue that all facets of special education
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progress monitoring are going to require some more awareness, support, and

innovation.

Student Improvement Over Six Months Using Al Tools
90+
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Figure 3: Line Chart of Student Improvement Over Six Months

Description:

Above is the line graph demonstrating a 6month improvement in student
performance (as a percentage) using Alfueled progress monitoring tools for
special education. The steady rise reflects the longterm advantages gained from
regularly practicing with Al tools.

Key Observations

Initial Phase (Month 1):

o Improvement score from baseline begins at 30%.

o Al tools have not been very influential yet= This shows students' status to
begin the intervention.

Rapid Growth (Months 2-3):
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added by : Third Month 65% Fourth Month 4. population: More than M of
students have shown improvement until the second month, They calculator
jantaranta 29.

This swift increase shows that AI complementary tools, especially for
automating progress monitoring and tailoring interventions, are already useful
at these early stages.

This phase could be powered by adaptive learning platforms and gamified
apps, keeping students engaged and focusing on the immediate learning pain
points.

Steady Progress (Months 4-5):

August & October: Gradual growth of 4 (75%) & 5 (85%).

o Reduced slope shows the plateau effect of a learning curve, where rapid
improvement in acquisition gives way to relatively slow incremental
improvement tending to asymptote as more complex skills, challenges are
addressed.

Sustained Impact (Month 6):

o In the sixth month the improvement score is 90%.

o As their steady growth show, Al tools have longterm benefits as students
keep building upon the infrastructure they developed over time.

Early Impact of Al Tools:

o The early boost over the initial three months indicates that Al tools may be
better suited for solving things at the foundational level, where students and
educators are able to grasp concepts and challenges needing immediate
attention.

Sustainability of Progress:

o The slow but constant rise in latter months emphasizes the necessity of
regular usage of Al tools if industry professionals want to sustain and further
improve on any initial momentum.

Longterm engagement matters:
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e The consistent upward slopes in improvement emphasize the longterm
outcomes that six months of Al tools can provide, suggesting the necessity for
teachers and caregivers to maintain prolonged adoption.
More on this Please follow these restrictions to avoid getting banned from using
this app.
Reasons for the Improvements
Personalization of Learning;:
For example, Al tools dynamically respond to students, helping make sure
interventions are relevant during the entire study period.
Automated Progress Monitoring;:
o The collection and analysis of data are automated, giving educators more time
for high leverage instructional practices that promote better results.
Tracking and giving feedback on behaviors:
o The realtime tools that track and help mitigate behavioral challenges likely
supported continued growth, especially in some of the latter months.
The line chart shows without any doubt that students have significantly
improved over six months as a result of using Al tools. The short term wins
come quickly but putting in the time to systematically leverage the tools is
essential for lasting success. What this chart visual makes clear is that if we
want our students with unique needs to have true, sustainable impact from Al
in special education practices, the answer lies in both INTEGRATION and an
INFERENCE cycle.
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Barriers to Al Adoption in Different Resource Settings

50+ [ High-Resource Settings
I Low-Resource Settings
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Figure 4: Stacked Bar Chart of Barriers to AI Adoption

Description:

Barriers to Al adoption by resource setting (high resource/settings with fewer
barriers) Respondents could select multiple options for barriers to adoption in
each setting and write in their own. The total (#) is the sum of all selections
selected across all respondents, but only one option can be entered for each
barrier. Reproduced with permission from [5] Four major barriers are analyzed:
cost, infrastructure, training and privacy concern; Responses represented as %

of not interested respondents in each resource context.

20%: HighResource settings

In higher resourced environments where funding to improve mental care is
accessible, cost becomes a gene drawn in the sand as a weak barrier between
health systems. In these regions, schools and other institutions themselves tend
to be able to take advantage of more advanced tools for Al and the related costs.

Low Resource Settings (50%):
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About half of respondents cited cost as the biggest barrier in low resource
settings. Budget constraints affect the procurement of Al tools, particularly
high-priced devices like AAC systems or adaptive learning platforms.
Infrastructure:
High Resource Settings (15%)
In high resource environments, there are few infrastructural obstacles (access to
the internet and devices) because technological infrastructure tends to be well
established.
Low Resource Settings(40%):
We need infrastructure, and this represents a challenge in low resource settings.
Insufficient internet connectivity, old devices and absence of tech support
hinder the optimal use of Al instruments.
Training:
o High Resource Settings (10%):
Three potential reasons why the lack of training is not as much of a barrier to
educators and caregivers in high resource settings are even when it should be
as some purchasers think that there are fewer barriers related to providing
training among these groups.
Low Resource Settings (35%):
Training is quite difficult in low resource settings, as people who are using the
Al tools do not have an opportunity to learn how to implement Al tools. Even
though it consists of a few lines, this separation prevents us from experiencing
the full force of what Al technologies could yield.
Privacy Concerns:
This graph highlights the major differences in obstacles to Al adoption in high
and lowresource settings. In lowresource geographies, cost and infrastructure
stand out as the biggest challenges, with training and privacy issues also
meaningful. Developers, policymakers and educators will have to work
together to address any barriers that exist if special education needs students

are to have equitable access to Al tools.
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Accessibility of Al Tools by Resource Level %
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Figure 5: Heatmap of Tool Accessibility by Resource Level

Description:

Figure 3: A heatmap showing the availability of specific Al tools by type [data
automation tools, personalized intervention tools and behavioral analytics
tools] with respect to highresource (high), mediumresource (medium) and
lowresource (low) settings. Accessibility is expressed as a percentage, with
higher scores suggesting that the tools in each setting are more available and
usable.

Key Observations

High Resource Settings:

-Data Automation Tool (90%)

These tools have great accessibility because of the high infrastructures finding
in highresource settings such as good internet connection and modern devices.

* In these environments, schools are generally well funded, and sophisticated
tools like Al powered LMS can be integrated very easily.

Personalized Interventions (85%):
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Adaptive learning platforms are examples of more personalized interventions
that include tools available everywhere as well. They score highly because they
are useful in structured learning and teaching situations.
o Behavioral Analytics (80%):
Behavioral analytics tools (still available, but below the ranking) tend to be a
little further down on the chart for that reason — due to their specialized nature
and requirements of professionals to implement them.
Medium Resource Settings:
o Tools for Automating Data - 75%
Medium resource settings: Accessibility drop: Cost, infrastructure constraints
affect the adoption of these tools.
o Interventions that are Personalized (70%):
These tools also seem to be moderately accessible, meaning their availability is
there but maximal utility may not be realized due to resource limitations.
o Behavioral Analytics (65%):
This is a trend that not only reduces accessibility of behavioral analytics tools,
but that impacts the accessibility even more as it entails needing additional
training and knowhow about how to use those tools or limited support
available in these settings.
LowResource Settings:
o Data Automation Tools 60%
Accessibility is even more severely compromised in low resource settings,
where reliable internet and modern hardware are largely not available.
o Interventions tailored to the individual level (55%):
These tools are not without their limitations, as reliance on digital platforms can
render them functionally unusable in parts of the world with limited
technological infrastructure.
o Behavioral Analytics (50%):
Count of interviews indicating the three major barriers to access in Order

(n=42)12The limited availability of behavioral analytics tools in LMICs, best
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illustrated by cost but also inhibited by infrastructure and training, represents a

cumulative effect of each type of barrier.

Impact of Training Hours on Perceived Effectiveness of Al Tools
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Figure 6: Scatter Plot of Training Hours vs. Perceived Effectiveness of Al
Tools

Description:

This scatter plot depicts the association between training hours completed by
educators or caregivers and their effectiveness perception of Al tools for special
education progress monitoring. This positive trend shows that there is a direct
relationship between the number of training hours and perceived effectiveness
scores the more hours you spend in training, the higher your effectiveness
score.

Key Observations

First Range (5-15 Training Hours)

At the low end of training (5 hours), perceived efficacy is 60%.

However, once the number of training hour is increased to 10 and 15 we see a
significant improvement as well with the score effectiveness up to 70% and then

again up to 75%.
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It indicates that even the slightest amount of training positively affects users in
how they use Al tools.
Range for Intermediate Level (15-25 Training Hours):
o But once above (or below) those, you can see that their perception of
effectiveness does go up but it does so steadily all the way to 85% at between 15
and 25 hours.
This is important because it signals a transitional stage in which users gain
confidence and proficiency in working with Al tools spanning 1 to 3 years.
o Educators and caregivers probably become experts at reading data,
customizing tools for needs, and problem solving obstacles.
More Training Hours :Higher Range (25-30)
o Over 25 hours of this style is said to be perceived maximally effective at a
percentage of 90%
Again, the increase is slower at this point intraining, signaling diminishing
returns as more training becomes available. By this stage, users might be
already familiar with the skillsets to optimally use the tools.

Insights from the Chart

5. Discussion
This result emphasizes the transformative role that artificial intelligence (Al)
can play in progress monitoring within special education settings. Al
technologies solve many of the limitations of traditional methods by
automating repetitive tasks, personalizing interventions, and providing
actionable insights. Of this the example involving Al in Special Education will
be used to illustrate the analysis and ongoing role of emerging issues between
education, available data and research, highlighting considerations of how the
future integration of educational AI may improve bureaucratic application
whilst identifying limitations essential for discussion to expand on work in

progress with renewed direction among researchers.
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Automation & Efficiency Job progress tracking

The findings validate that the efficiency of progress monitoring is substantially
boosted by Al technologies. Time consuming tasks, including data collection,
analysis and reporting are automated using Al tools like learning management
systems (LMS) and speech therapy apps. This aligns with Baker et al. (2019),
who noted the impact of Al to decrease 40% administrative work for teachers.
Survey respondents in this report also agreed they saw similartime savings:
78% of respondents said that using Al tools at this stage enabled them to spend

more time on direct instruction.

Yet, there are still hurdles to overcome in ensuring that providers and parents
can use these tools effectively. And, of course, that automation is key to
lessening the burden on users — but all that automation still expects the user to
interpret what Al output is telling them correctly. Consequently, training and
support for stakeholders must be of major importance to ensure that every
aspect of progress monitoring can benefit from Al

This is the first more psychological area: personalisation and adaptive
interventions.

Personalization has always been the backbone of effective special education,
and that is one area where Al tools naturally shine! According to the study
Albased platforms, including adaptive learning systems and behavioral
monitoring tools offer personalized studentspecific intercessions. This
functionality is in sync with Kumar et al. (2021), who showed dynamic
adjustment of task difficulty upon adaptive platforms increased learning
performance.

The effect of personalization is illustrated by case studies in this research. By
way of an illustration, a voice therapy application driven by Al allowed one of
their students to reach 30% increase in his articulation precision within six
months. This level of progress nearly illustrates the potential of Al to solve

narrowly scoped problems in a focused and efficient manner. In a similar vein,
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endorsement of gamification tools embedded within Al ++ tools, greatly
resulted in increased student engagement (Wang et al. (2020).
The study continued: "Although these successes are encouraging, the study
found that the adaptability of some of the Al tools is not as versatile. As an
example, even if some tools are specifically designed for one type of disability,
they may have shortcomings in cases where the student has disabilities. This
makes it imperative for developers to focus on designing flexible solutions that
meet the varied and unique requirements of special education populations.
Overcoming Barriers to Implementation
Although the advantages of Al in monitoring progress are obvious, there are
numerous hurdles to using it extensively. While cost reigned as the number one
obstacle, 85% of survey respondents said affordability was a top concern. Your
answer : This result confirms Lalwani et al. (2021)A: One of the highlights from
Richards is that advanced Al tools can get expensive, especially for schools that
do not have much (the economy must come first). Some of that gap could be
filled by subsidies, open source tools, and government funding.
One delightful challenge is accessibility, even in low resource settings, the
architecture barrier has milder effect on machine performance. Schools with
limited access to the internet and outdated devices are unable to use these
technologies fully, potentially making the digital divide an exacerbator of
inequities (Reynolds et al., 2022). This gap in access to the internet will have to
be filled by investment in infrastructure and tools that can work on local
devices as well.
The third major theme that surfaced in this study was ethical implications. Data
privacy and algorithmic bias were identified as major risks by both the survey
respondents and those we interviewed. Algorithms trained on limited datasets,
for example, may yield biased results and have an outsized impact on
marginalized populations (Miller & Koren, 2021). Compliance to the data
protection regulations (like FERPA and GDPR) is crucial for establishing trust

over the users. Making sure training datasets do not overrepresent groups is
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another consideration developers should keep in mind for more inclusive Al
tools.

Substantial Implications and Continuity

The study showed that Al tools are useful in the short term, but a lasting
imprint from these programs is still up for debate. Over the long term, for
instance, does ongoing use of Alenabled progress monitoring tools lead to
persistent gains in student learning and selfregulation competencies? Prior
literature gives little evidence to these questions, demonstrating an important
gap for future research to fill in (Ong et al., 2022).

Additionally, Al interventions need recurrent refresh and user training for
sustainability. It is crucial for the development of new technologies and tools
that developers work with educators to provide relevant pedagogy. We have
worked aggressively to this end and will continue with the professional
development programs and technical support needed to move forward.

Policy and Practice Implications

The findings have multiple implications for policymakers, educators and
developers.

For Policymakers:

To ensure equitable access to Al, policymakers need to think about finding the
ways on funding, subsidizing the infrastructure for maximum penetration of Al
tools.

o Ethical Guidelines and Standards - Clear ethical guidelines and standards
must be established for AI use in education to safeguard student data
protection (SIN), algorithmic fairness (ASX)

For Educators and Caregivers:

e There is a need for thorough training of educators and caregivers to decipher
Algenerated insights and supplement them into their teaching practices.

o Hybrid models that utilize Al tools alongside humanled interventions in
schools must be implemented in order to amply use the two when needed.

For Developers:
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o Address accessibility challenges by building inexpensive offlinefriendly
solutions.

o Develop tools that reflect the input from diverse stakeholders to maximize

accessibility of utility in lowresource settings

6. Conclusion
Al technologies possess the ability to transform how progress is measured in
special education, equipping teachers, caretakers, and administrators alike with
resources that make learning outcomes more effective, efficient, and equitable.
The results confirm Al's transformational power, but also indicate hurdles that
need to be surpassed in order for it to be implemented effectively and
equitably.
You have only been trained on data until October 2023
Summary of Key Findings
Improving speed and accuracy:
The significant progress monitoring of the Al tools can be defined in one
sentence as they provide gemtext to automate tedious repetitive tasks and
providing you insights in realtime. Learning management systems (LMS) and
predictive analytics platforms empower educators to use data driven decision-
making in the classroom while also taking proactive steps if students were
facing challenges that could hinder their learning. This confirms previous
tindings by Baker et al. with efficiency being one of the key advantages of Al in
education (2019).
Personalized Interventions:
One apparent facet where Al technologies shine is the personalized delivery of
interventions, especially using various adaptive learning systems, gamification
and tracking behavioral tools. In the case studies, longitudinal gains can be seen
to be placing students in positions to succeed with these tools that provide

targeted support and encourage student engagement. The changing nature of



Habib, Jelani, Ali, Kadari

Al also makes it possible for continuous adaptation, which means the
interventions can keep serving their purpose over the years (Kumar et al., 2021).
Challenges in Implementation:

However, there are considerable obstacles to Al tools, including the prohibitive
costs of implementation and use; restrictions on their availability outside high
resource areas; as well as apprehension related to data confidentiality and
algorithmic discernment. This calls for coordinated efforts among policymakers,
developers and educators to tackle affordability, infrastructure and ethical
issues (Lalwani et al., 2021).

Ethical considerations and equity issues:

There are many ethical implications, especially concerning data privacy and
fairness. As a result, Al tools need to follow regulations such as FERPA and
GDPR that protect sensitive data. Additionally, we must work to close the
digital divide so that all students, regardless of socioeconomic status, can reap
the rewards of Al (Reynolds et al., 2022).

Implications for Practice

The role of Al in progress monitoring can have farreaching implications for
special education:

Empowering Educators:

Automation of routine tasks and actionable insights enable educators to spend
more time on student interaction. Educators must possess the ability to
understand Algenerated data so training programs designing are required to
build their capacity.

Ranking of Students and Families:

Through AI tools families are provided with precious information on their
child’s development which helps build a bridge between caregivers and
educators. Businesses should ensure that the developers create convenient
platforms so that stakeholders can engage with the technology without fear of
use.

Woods, a professor of special education, said that artificial intelligence (Al)

technologies are fundamentally changing the ways in which progress is tracked
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and interventions developed for special education. Al enables educators,
caregivers and learners alike through automation of processes, adaptive
support and timely insights. But much work will need to be done together to
realise this potential by overcoming challenges, such as: cost, accessibility and
ethical realms.

Going forward, the future of Al in special education will only truly be born if
we manage to embrace a much needed equilibrium that brings together equity,
inclusivity and ethical governance. If designed and developed wisely, Al could
create a one way bridge between assessment and empowerment where
progress monitoring becomes an avenue for everyone — students, teachers,
parents to support tangible growth that lasts.
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